Kernels of Learning: Tracking the emergence of visual

recognition through multivariate approaches ARCHIVES
MASSACHUST TP T IHETITUTE
by oI
Scott Gorlin SEP 1 - 21
B.A., Boston University (2005) LIBRARIES

Submitted to the Department of Brain and Cognitive Sciences
in partial fulfillment of the requirements for the degree of

Doctor of Philosophy in Computational and Systems Neuroscience
at the
MASSACHUSETTS INSTITUTE OF TECHNOLOGY
September 2011

© Massachusetts Institute of Technology 2011. All rights reserved.

Author ............ et T e
Department of Brain and Cognitive Sciences

August 5th, 2011

) 0o

Certifiedby ........... T
Pawan Sinha
Professor
A 7 Thesis Supervisor

s / ”
Accepted by.../.. Lo/ 4PN

‘ Earl K. Miller
Picower Professor of Neuroscience
Director, BCS Graduate Program







Kernels of Learning: Tracking the emergence of visual recognition
through multivariate approaches
by

Scott Gorlin

Submitted to the Department of Brain and Cognitive Sciences
on August 5th, 2011, in partial fulfillment of the
requirements for the degree of
Doctor of Philosophy in Computational and Systems Neuroscience

Abstract

The visual system is a dynamic entity whose response properties depend on context and
experience. In this thesis, I examine how the brain changes as we learn to see — what
changes occur during the onset of recognition, in the mature visual system on the one hand,
and in a developmentally nascent one, on the other?

Working with normal adults, I focus on the processes that underlie the interpretation of
images as meaningful entities. This interpretation is greatly facilitated by prior information
about a stimulus. What are the neural sites that exhibit experience dependent changes? Us-
ing multivariate decoding techniques, I find pervasive evidence of such changes throughout
the visual system. Critically, cortical regions previously implicated in such learning are not
the same loci as sites of increased information.

Examining the temporal mechanisms of recognition, I identify the perceptual state tran-
sitions corresponding to the onset of meaning in an observed image. Furthermore, decoding
techniques reveal the flow of information during this ‘eureka moment.’ I find feedback pro-
cessing when a degraded image is first meaningfully interpreted, and then a rapid transition
into feed-forward processing for more coherent images.

Complementing the studies with mature subjects, my work with developmentally nascent
observers explores the genesis of visual interpretation. What neural changes accompany the
earliest stages of visual learning? I show that children treated for congenital blindness ex-
hibit significant cortical re-organization after sight onset, in contrast to the classical notion
of a critical period for visual plasticity. The specific kind of reorganization suggests that
visual experience enhances information coding efficiency in visual cortex. Additionally, I
present evidence of rapid development of functionally specialized cortical regions.

Overall, the thesis presents two complementary perspectives on the genesis of visual
meaning. The results help advance our understanding of how short-term experience, as
well as developmental history, shapes our interpretation of the complex visual world.
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1.1 Introduction

Much of the research effort in visual neuroscience has been devoted to uncovering what the
component features of vision are — what stimuli are encoded in which regions of the brain?
Which components feed into the next layer to represent a more complex object? Such were
the questions addressed by Hubel and Wiesel, in the late 1950’s, when they discovered that
cortical neurons respond primarily to edges of light [Hubel and Wiesel, 1959] — and ‘lines’
became accepted as the component feature for most of vision. In fact, models of the human
visual system based solely on the hierarchical organization of edge detectors, feeding into
basic neural networks, have made excellent progress in solving complex visual problems

[Serre et al., 2007].

However, to treat the visual system as a static collection of feature detectors ignores
several fundamental questions related to the dynamics and development of the system.
What I mean by ‘dynamics’ is this: every visual image we encounter undergoes a process
of perceptual organization which enables us to interpret it as not just a collection of pixels,
or image features, but rather as a set of meaningful objects. This typically happens so
fast that we are not even aware that there is a dynamic progression in our perception from
meaninglessness to meaningfulness. Nevertheless, this is a necessary and fundamental
aspect of our visual analysis. What are the neural correlates of such dynamic perceptual
state transitions? On a slightly longer time-scale, our visual experience with an image
at one moment helps us more easily and accurately interpret it at a later occasion even
when the image is degraded in some way, say via occlusion or a reduction in the signal
to noise ratio. What are the neural loci involved in such perceptual learning? Finally, on
a developmental time-scale, how does the ability to interpret images meaningfully emerge
in the first place? What is the timecourse of such development and how susceptible is to

perturbations or delays?

These questions frame the visual system not as a collection of feature detectors, but as
a dynamic entity that is influenced by two factors: 1) the history of visual input into the
system over short and long timescales, and 2) the context in which the system operates.

Research into these two factors has become more and more important over the past several
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years, especially as artificial systems reach the limit of what a static, feed-forward system
can accomplish.

It is in this vein that I focus my thesis: what changes in the brain as we learn to see?
What happens during the moment of recognition, and what steps lead up to these changes?

Specifically, I will ask three questions related to the dynamic properties of vision.

1.2 Question 1: How is recognition shaped by prior infor-
mation?

At what stage of visual processing does bottom-up information combine with top-down
expectations to yield the eventual percept? This question lies at the heart of a mechanistic
understanding of feed-forward/feed-back interaction, as it is implemented in the brain and
as it might be instantiated by computational vision systems. Furthermore, this question is of
central significance not only for vision, but for all sensory processing since the combination
of current and prior data is ubiquitous as a processing principle.

A compelling demonstration of the role of prior experience is obtained with images
so degraded that they are initially perceived as devoid of anything meaningful, as seen
in Figure 1-1. However, after being shown their coherent versions, observers are read-
ily able to parse the previously uninterpretable image. The well-known Dalmatian dog
picture [Gregory, 1970] — a black-and-white thresholded photograph, or Mooney image

[Mooney, 1957] — is a classic example of this phenomenon.

Figure 1-1: Images which are hard to recognize at first viewing, but become easily inter-
pretable after priming or a ‘visual eureka’ moment.

In this set of experiments, we use these Mooney images to explore the role of top-down
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influences in visual perception. Specifically, we show that prior knowledge of the coher-
ent image facilitates processing by increasing information throughout the visual system,
including low- and high-level visual cortical areas. Interestingly, we also show that prior
information is carried over complex, and not simple, visual features. Critically, these results
were not found in regions of the brain previously reported as involved in priming, indicat-
ing that an information-theoretic approach reveals intricacies in the data unseen through

traditional analyses.

1.3 Question 2: What changes in the brain when an object
is recognized?

What happens when you recognize an image for the first time? Such a question is dif-
ficult to answer because the visual system must solve two problems at once — faithfully
representing a stimulus, and interpreting, or recognizing, the results in a meaningful way.
Of particular interest is the visual ‘eureka’ moment, where viewers perceive an image for
an extended period of time before suddenly recognizing it. We seek to understand the
difference between these two processes using special images that are not immediately rec-

ognizable, which allow us to tease apart the effects of low-level image representations and

the process of visual recognition.

Figure 1-2: An example image series inducing a visual eureka in a controlled manner.

Figure 1-2 shows a series of images that gradually induce this eureka moment, in a
controlled manner, by presenting sequentially more information to the viewer on a frame-
by-frame basis. Using these sequences, we can compare neural activity immediately before

and after a perceptual recognition event, allowing us find neural markers distinguishing
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between visual representation and true perception.

This goal is motivated by both basic and applied considerations.

From the basic science perspective, the identification of such a marker would enable
novel studies of the development of recognition (tracking how the marker changes as a
function of age or visual experience) and also allow an investigation of the process by which
the brain organizes complex visual arrays into meaningful percepts. Indeed, the results we
present here have already begun to provide some insights into not just the markers but also
the mechanisms of perceptual organization.

From the applied perspective, having a neural marker for the onset of recognition will
be invaluable for assessing high-level vision in patients with certain kinds of neurologi-
cal disorders. Conditions like autism, visual agnosia and Alzheimer’s disease are associ-
ated with impaired recognition abilities [Behrmann et al., 2006a, Behrmann et al., 2006b,
Farah, 1990, Hof and Bouras, 1991], but a quantification of these impairments has been
hard to come by because we currently lack any reliable biomarkers of recognition.

In addition to presenting evidence of such markers, we were able to utilize multivari-
ate decoding techniques to trace the directional flow of information in the brain. We find
that the eureka moment induces a feedback cascade of information flowing from frontal to
occipital cortex, implicating frontal cortex in a ‘hypothesize-and-test’ role of visual recog-
nition. However, as the image becomes more coherent, this effect rapidly disappears and

information is processed in a feed-forward manner.

1.4 Question 3: What changes in the brain as we learn to

recognize the world?

Critical to our understanding of how the visual system works is the knowledge of how it
develops. Humans acquire significant visual abilities within the first few months of life;
however, the neural changes accompanying these early stages of development have been
hard to elucidate due to the operational difficulties of conducting neuroimaging studies in

very young children. By the time the children are old enough to be cooperative subjects in
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such studies, they have already passed major developmental milestones.

The ideal research subject to study visual learning, therefore, is not an infant - but a
developmentally mature individual who has been deprived of normal visual input. Such
subjects are rare because of the difficulty of restoring sight to blind individuals; where the
cure is readily available, it is usually provided at birth. However, in developing countries
the advances of modern medicine are not as accessible — India, for example, has a rela-
tively large population of children who are born with cataracts due to prenatal infections or
nutritional deficiencies. Modern eye clinics are easily able to restore vision to these chil-
dren, but for various cultural and economic reasons, many do not receive treatment until
well into their teens. In providing sight to such individuals, through an outreach program
called Project Prakash, we are presented with an unusual scientific opportunity to study

their visual development from the moment sight is restored.

It cannot be taken for granted that an individual who has been blind from birth for
several years will benefit in any functionally significant manner from an optical correction
of his or her eyes. The classic literature on critical periods paints a pessimistic picture
of the prospects of recovery after extended visual deprivation. In this field of research, a
typical experiment consists of suturing shut one eye of a kitten or mouse before natural
eye opening, and examining the acuity or neural response to light of the deprived eye af-
ter an extended period of time. The results of such deprivation are by no means trivial.
While viewing the world through the deprived eye, animals will behave as if blind; record-
ings in primary visual cortex reveal a vast reduction in cells driven by the deprived eye,
cell growth in the lateral geniculate nucleus is greatly reduced, and the response proper-
ties of the few cortical neurons that are driven by the deprived eye are grossly abnormal

[Wiesel and Hubel, 1965b].

Binocular deprivation is a more complicated story. Similar to the monocularly de-
prived cats, when viewing the world for the first time through a deprived eye, cats will
behave as if blind; this is accompanied by a reduction in cell body size in the lateral genic-
ulate body and an increase in abnormally firing or non-responsive cells in visual cortex
[Wiesel and Hubel, 1965a]. However, there remain a small number of cells that retain

normal firing properties. Additionally, recovery of visual acuity from binocular depri-
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vation has been observed over a period of time proportional to the term of deprivation

[Wiesel and Hubel, 1965b, Timney et al., 1978, Smith et al., 1980, Zernicki, 1991].

Data on human visual recovery after extended blindness have so far been very lim-
ited. A handful of cases paint a similarly bleak picture, where early blindness prevents
the afflicted from recovering any significant amount of functional sight [Fine et al., 2003,
Gregory and Wallace, 1963, Sacks, 1995, Valvo, 1971]. In one particularly well studied
case, subject MM developed normal low spatial frequency vision, but was insensitive to
frequencies above 1 cycle per degree [Fine et al., 2003]. He performed well in several
measures of visual perception, including the perception of simple shapes and colors; more
advanced skills, however, like the segmentation of texture, 3D perception, subjective con-
tours, and perspective cues, never developed even after years of visual experience. Inter-
estingly, a more careful reading of the same literature provides clues that rehabilitation
can occur; MM developed significant spatial localization and visual discrimination skills
[Kurson, 2008], and another early-blind patient eventually learned to recognize his col-
leagues and cross the road based on visual skills alone [Gregory and Wallace, 1963]. The
sparsity of data on visual recovery, along with the uncertainty about the extent and time-
course of recovery, motivate a principled examination of how visual skills develop with
the onset of sight, and whether or not human vision is restricted by a critical development

period.

With the launching of Project Prakash, work from our laboratory has documented
the significant gains in visual proficiency that congenitally blind individuals exhibit as a
function of time after sight-restorative surgery [Bouvrie and Sinha, 2007, Held et al., 2011,
Ostrovsky et al., 2006, Ostrovsky et al., 2009]. These results motivate an examination of
changes in brain organization after sight onset. In this regard, it is especially interesting
to investigate the changes brought about within cortical areas that in the normal brain are
visually driven. Would the influx of patterned visual information after the onset of sight

result in organizational changes within these areas?

Using functional neuroimaging, we probe how the brain changes as these children learn
to see. We find vast evidence for cortical reorganization in several different manifests. First,

we measure the local connectivity of visual cortex and find that peripheral visual cortex
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becomes progressively decorrelated with itself over time, indicating an increase in efficient
coding mechanisms in visual cortex. Second, we examine how specific functional modules
develop in the ventral visual stream, and show that face-selective cortex grows rapidly as
the subjects learn to recognize faces. Additionally, we show that precursors to face- and
object-selective cortex exist within days after surgery, suggesting that these regions require

a very modest amount of visual experience before they are established in the brain.

1.5 The emergence of recognition

These three questions are fundamental to understanding the genesis of visual meaning in
our percepts. This thesis seeks to address all of these questions through a combination
of studies with unusual subjects (those who gained sight after prolonged blindness) and
sophisticated computational analytics, specifically multivariate analyses of neural data. We
begin, in the next chapter, with a description of the multivariate approaches we have used
in our work and which are likely to play an increasingly important role in neuroscience

more broadly.
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Chapter 2

Multivariate analysis

Abstract

Understanding how the mind works is a daunting task — and one that is severely limited by
the difficulty of observing activity in the brain without modifying it. Traditionally, exper-
iments in neuroscience have focused on acute techniques, like extracellular recording and
optical imaging, which require extensive surgical preparation in animal subjects. Nonin-
vasive techniques, like fMRI and EEG recordings, make experiments in humans possible,
at the loss of spatial and temporal resolution achievable in techniques when the safety of
the subject is not the primary concern. Recently, a new wave of analytical techniques fo-
cused on multivariate analysis has given scientists a better understanding of how groups
of neurons behave together at a larger scale, and is bridging the gap between experiments
in humans and animals — bringing a rich literature of systems neuroscience to bear on the
behavioral complexities of the human mind.
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2.1 Introduction

The ultimate goal of a cognitive neuroscientist is to understand how a circuit of neurons
behave as to produce a given thought or behavior. This is a deceptively daunting task,
and one which begins with the difficulty of measuring neural activity in an alert, behaving
animal. As physicists have Heisenberg, so too are neuroscientists faced with an indelible
amount of uncertainty in their recordings — the more accurate the recording technique,
typically, the more invasive the procedure and the less likely the neuron is to behave in a

normal, and relevant, way.

A prudent example of this is a classic extracellular recording preparation. In order to
measure the activity of single neurons, a scientist might lower sharp electrodes into the
cortex of, say, a macaque monkey to measure the electrical potential of neurons as they
release action potentials in response to input. A single electrode causes minimal damage
in and of itself, but can only measure the activity of, typically, one to four neurons. So,
to get a better understanding of how a group of neurons behave, more electrodes are often
used — between 4 and 100 cortical penetrations are common depending on the experiment.
Needless to say, there is a point of diminishing returns where lowering more electrodes

causes more damage to the system and yields less valuable information to the researcher.

Other preparations have similar limitations. Optical and two-photon imaging, for in-
stance, allow for measuring the activity of an entire flat patch of cortex several millimeters
in diameter, and the resolution easily allows viewing how groups of neurons interact with
their neighbors. However, these techniques require a craniotomy in order to view the cor-
tical surface in the first place — and it is impractical to enlarge the craniotomy beyond a

certain point.

With all the information gleaned from these experimental techniques, however, its use-
fulness is still critically limited — we cannot assume that the human brain works identically
as in these animal models, and we cannot perform the same experiments in humans, as
surgically invasive procedures are neither legal nor ethical to perform in normal people.
Exceptions are made when subjects require invasive procedures for other purposes, but

even in these scenarios basic research is not in the interest of the patient. All told, there is
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very little to be said about how individual neurons behave in humans, or how neurons in
any species behave in complex tasks an animal will not perform reliably in a lab.

Instead, noninvasive techniques have become popular with researchers interested in
higher level processes such as complex perception and executive behavior. One technique,
known as Functional Magnetic Resonance Imaging (fMRI), has become increasingly popu-
lar over the past twenty years due to its relatively high spatial and temporal resolution. This
technique was first used to localize visual cortex in humans by simply imaging where there
was a change in metabolic oxygen consumption when subjects viewed a flashing checker-
board [Belliveau et al., 1991], and has since become a mainstay experimental technique for

cognitive neuroscientists.

2.2 General Linear Model

The basic analytical technique most commonly used in fMRI experiments is to generate
a Statistical Parametric Map (SPM) which illustrates which voxels, or regions of interest,
are affected by an experimental technique and to what degree. Most commonly, this comes
in the form of a General Linear Model (GLM) which is used to describe how the voxel
intensity (as a proxy for neural activation levels) is linearly dependent on an experimental
condition. For example, if the experimenter is interested in localizing primary visual cortex,
the role of the GLM would be to illustrate how significantly each voxel is modulated by a
visual input when it is turned on and off.

Mathematically, this is accomplished by a linear regression of the voxel intensities

against the experimental and other confounding variables. The GLM takes the matrix form:

Y =X3+¢€
¢ ~N(0,01)

for data measurements of a single voxel in the rows of Y and experimental design vari-

31



ables in the columns of X [Friston, 2007]. That is, each column of X will have a separate
value in each row describing whether a variable was present (and to what degree) during
that sample acquisition. Here, 3 is a vector of coefficients for that voxel, describing how
each variable in X affects the measurements. The residual errors (the difference between
the data and how much is predicted by X and /) are captured in the rows of ¢. When the
system is solved for the best estimate of {3 such that the errors are normally distributed
about 0 with the smallest possible variance (that is, the Ordinary Least Squares method),
the result and significance of 3 under the null-hypothesis of a T-distribution can be used to
infer whether the system was significantly modulated by the variables in X.

More complicated analyses can be formed by contrasts across the 3 vector: for instance,
the result of viewing face stimuli is best compared not to rest, but to viewing a similarly
complex image of a house. In this case, the contrast vector “Face — House” would require
the subtraction S — g and statistical inference can be performed on this result.

The solutions, given any contrast vector ¢, n measurements, and p dimensions in the

model, are given by:

P
V62T (XTX) e

The critical point to note about the GLM is that it performs its analysis in a “mass-
univariate” manner. That is, each voxel or region is treated independently of the rest when
the statistics are calculated. The result is that if there is no effect visible in a single voxel,
or single region, as a whole, any subtleties will be averaged out and lost. Because the
spatial and temporal scale of fMRI is drastically different from most techniques used in

other species, it is exceptionally difficult to compare studies in humans and animals — what
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happens in large scales in the brain is not necessarily what is seen when looking at single

cells.

2.3 Feature Domains

A useful example of data gleaned from high-resolution studies in animals is the concept
of a feature domain. One of the first discoveries in visual cortex was that neurons respond
preferably to lines of a specific orientation [Hubel and Wiesel, 1959], and that the preferred
orientation is similar for neurons close to each other in cortex [Hubel and Wiesel, 1962].
Furthermore, the actual topography of the preferred orientation has been shown to be highly
detailed across the surface of cortex [Hubel and Wiesel, 1963]; ‘feature maps’ of orienta-
tions, and other salient features in areas beyond primary visual cortex, illustrate an intricate
layout of representations across many cortical domains.

This type of cortical organization has been difficult to observe in humans. The primary
difficulty is that the scale of feature domains are on the order of 0.5mm in diameter; typi-
cally, fMRI experiments are carried out with a resolution of 3mm-per-side voxels. Given
the GLM analysis approach which would form a contrast vector over averaged examples of
responses, voxels containing mixed amounts of different features would not show up as sta-
tistically selective for either — even though they contain very selective domains at a higher
resolution (Figure 2-1). Even if some voxels by chance contained more of one feature than
another, neighboring voxels likely would not share this preference and the subtle per-voxel
results would be averaged out in any region of interest.

Researchers have used two alternate approaches to show feature selectivity in fMRL
One approach hypothesizes that highly active neurons fatigue and later show reduced ac-
tivity to a repeated stimulus, a fact that is well-established in many electrical and imaging
studies [Grill-Spector and Malach, 2001, Ganel et al., 2006]. Reduced fMRI activation to
repeated stimuli thus suggests the presence of fatigued neurons in a given region of inter-
est, and is evidence of fine-grain selectivity when the same region is not fatigued to similar
stimuli. The major drawback of this technique, however, is that it typically requires an

event-related experiment to measure a brief reduction in the hemodynamic timecourse of
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Figure 2-1: Hypothetical feature domains for ‘green’ and ‘blue’ features, sized at approx-
imately 0.5mm diameter. The black borders represent the 3mm voxel size for a typical
fMRI experiment. Under an experiment comparing ‘green’ vs ‘blue’ responses, no statisti-
cal difference would be expected of these voxels given that they contain highly-mixed sets
of both domains.

the fMRI signal, averaged over many latencies, and typically for a large region as a whole.
Experiments often can only report whether a large region of brain is or is not selective for a
single feature. The second alternative is to simply increase the resolution of the fMRI scan.
In fact, recent studies have successfully shown orientation [ Yacoub et al., 2008] and ocular-
dominance [Cheng et al., 2001] feature maps in human primary visual cortex through high-
resolution fMRI, but these come at the cost of smaller field-of-view in the images, lower
contrast-to-noise ratios, and increased time constraints on the experiment due to longer
image acquisitions. Additionally, to date these techniques have only been successful in
high-strength magnetic fields, such as 4T and 7T — much stronger and more expensive than

the standard 1.5T and 3T MRI machines available to most researchers.

2.4 Multivariate Techniques

Over the last ten years, a series of studies have pushed beyond the univariate GLM frame-
work in fMRI to examine how voxels work together. The goal of this approach is to extract
data that is too subtle, or does not exist, when looking at each voxel independently.

The first example of this technique examined how large regions of ventral cortex, where
most higher-level vision is processed, correlate voxel-wise when a subject views different
images. When subjects viewed images within object categories, like ‘chairs’, voxels in

ventral cortex correlated more between trails than when subjects viewed a ditferent cate-
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gory, like ‘shoes’ [Haxby et al., 2001]. Previously, researchers believed that ventral cortex
was composed of a series of ‘modules’ dedicated to processing fairly specific visual cat-
egories; the most well-studies of these are the Fusiform Facial Area (FFA) and Parahip-
pocampal Place Area (PPA) which respond preferably to the stimuli types they are named
for [Kanwisher et al., 1997, Epstein and Kanwisher, 1998]. Because these areas are fairly
large, on the order of a cubic centimeter, their discovery was well-suited for fMRI res-
olution and the univariate GLM analysis. However, the Haxby experiment showed that
there are numerous correlated patterns of activity across these same regions that encode
many different visual stimuli, even though none of these categories elicited a large-region,

univariate response detectable via GLM.

2.4.1 Support Vector Machines

The distributed encoding experiments paved the way for more formal techniques that at-
tempted to ‘learn’ the patterns of activity in the brain. The first of these used a Support
Vector Machine (SVM), a type of linear classifier, to predict which stimulus caused a given
pattern of activity across the cortex.

In its purest form, a linear classifier is any function which takes the form:

w,z €ERP
D

fuws(z) = Z wiz? + b
d=1

L(z) =sign(fuws(z))

In other words, the classifier computes the dot product between a data point x and a
second point w representing a hyperplane in D dimensional space (hence, projecting the
data onto the hyperplane), additionally given a bias term b. The sign of this classification
function can then be used to designate the output into one of two classes, or labels, here +1

and -1.

35



It is critically important to understand how the hyperplane is picked. The first impor-
tant concept is that of a training set — the collection of data from which the classification
function is learned. For simplicity, imagine two neurons: one which responds preferably to
‘green’ stimulation, and a second neuron which prefers ‘blue’ stimulation (Figure 2-2). A
trial set containing stimulations of both types should cluster nicely by eye in 2-dimensional
space. The goal of a SVM is to form the decision boundary that maximally separates these

clusters. That is:

z,w €RP

Yy €{+1a __1}

N
quljglcz (1 - ynfw,b(mn))Jr + wa,b“2

n=1

In other words, the SVM must minimize a ‘cost’ function based on the penalty of misla-
beled points ((1 — yy, fuw p(n))+, where (), indicates a hinge function: (x); = max(0, z)),
the amount the optimization is penalized for mislabeling (C), and a regularization func-
tion (|| fuw.s||®) based on the hyperplane itself which prefers wider separating boundaries
[Cortes and Vapnik, 1995, Vapnik, 1998, Vapnik, 1999]. The result is clearly understand-
able in 2-dimensions, where the SVM selects a line that maximally separates the clusters
of data, with the ability to encompass points within the {+1, —1} borders depending on the

penalty C.

Given more dimensions, it is straightforward to imagine a SVM using more neurons, or
perhaps voxels encompassing thousands of neurons acting together, to build this hyperplane
in D-dimensional space. In fact, the coefficient of the hyperplane in any given dimension
will determine how much that dimension, and the neurons it is proxy for, have to say
about the classification problem in question. In this manner, the analysis becomes truly
multivariate as it depends on the coordinated activity of all voxels in a region of interest,

and not just one at a time.

It is worthwhile to note that there are several other families of algorithms that can be

36



Neuron 2

Neuron 1

Figure 2-2: Example SVM solution. Neurons 1 and 2 are partially selective for green and
blue features, respectively. All points represent stimulation trials and show how much each
neuron responds to a green or blue stimulus. A SVM finds a hyperplane that maximally
separates the clusters of data. Here, the solid line represents the decision boundary, and the
dotted lines are the +1 and -1 boundaries that solve the problem within a given amount of
tolerance. Now, any new trial points that fall in a green or blue region of the graph can be
predicted to be the result of a green or blue stimuli, depending on which side of the decision
boundary they fall on. Note that there is one mislabeled point in this example.

used as linear (or nonlinear) classifiers; any algorithm that solves the above minimiza-
tion for a hyperplane, regardless of the assumptions used to find the ‘optimal’ decision
boundary, is sufficient; as is any algorithm that can map a feature vector to a discrete
class label. Examples of other classifiers used in neuroimaging studies include Gaussian
Naive Bayes [Mitchell et al., 2004], Linear Discriminant Analysis [Carlson et al., 2003],
and Sparse Multinomial Logistic Regression [ Yamashita et al., 2008], to name a few. Sup-
port Vector Machines have become common in part due to multiple free software imple-
mentations and the intuitive mechanics behind them, but they are by no means the only

solution to multivariate analyses.



2.4.2 Sparse Multinomial Logistic Regression

A popular contender to SVM’s in neuroimaging is Sparse Multinomial Logistic Regres-
sion (SMLR), because the assumptions this algorithm makes are particularly suited to
neuroimaging. Because neuroimaging data tend to have many more voxels than they do
samples, SVM’s are susceptible to over-fitting (assigning weight to voxels where the pat-
tern is strictly due to noise). To overcome this problem, fMRI data is often subjected to

feature-selection — running an analysis on a restricted subset of voxels, or region of interest.

SMLR [Yamashita et al., 2008] presents an alternative solution by automatically select-
ing relevant features in a Bayesian framework, and additionally is natively expandable into
multiclass problems. It expresses the probability of sample data belonging to a given class,

using the linear hyperplane w as before, by:

ye—-1,1

x €RP

N
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1
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Similar to the SVM, SMLR must solve a cost function, via maximizing the likelihood

function:

N
max L(w) = [ [ p¥(1 = pa)' ¥
n=1

In true Bayesian fashion, the likelihood of a given hyperplane w can be weighted by a

prior distribution:
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d=1
The prior states that coefficients near 0 are more likely for every dimension of the hy-
perplane w (the prior is the product, over all feature dimensions, of a 0-mean Gaussian
evaluated at the coefficients of that dimension). Given a hyperparameter o which controls
the width of the Gaussian priors, thereby allowing more or less weight in multiple dimen-
sions, the prior will effectively create a sparse hyperplane and limit the exposure of the
classifier to noisy features. If the prior were flat (&« = 0), SMLR would assign weight to
every voxel, and behave similarly to a SVM.
Despite the advantages on SMLR on paper, its popularity has not spread much beyond
the original authors. In part this is likely due to the advanced mechanics of the optimization
function, and the fact that it tends to perform similarly, and much slower computationally,

in actual implementations.

2.4.3 Relation between GLM and Classifiers

It should be noted that once B is calculated from the GLM, there is nothing to prevent a
multivariate analysis across voxels in that framework. For instance, a contrast across the
beta vectors is equivalent to a hyperplane (that is, the data can be projected onto it) that
can be used in a linear classifier — so the results can be used as a multivariate classifier
as well! The only formal difference between this method and a SVM is how the w vector
coefficients are calculated: via ordinary least squares in the GLM, and via the hinge loss in
the SVM. These two methods will yield different classification functions, but qualitatively
the results will be the same.

The major difference, then, between the GLLM and other classification frameworks are
the standard practices that researchers employ. First, in order to get the best mean activation
map through ordinary least squares, the GLM averages over all trials to yield a single beta
vector. Classifiers typically keep all trial data separate, using the variance structure across

all the trials per feature in order to form an optimal hyperplane. Additionally, when looking
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for regions of activation in a GLM analysis, researchers seek beta vectors with one or more
clusters of high coefficients that are easily distinguishable by eye. To reduce the variance of
the beta vector (thereby increasing the significance), spatial and temporal smoothing of the
fMRI signal is standard. Thus, if there is a strong univariate response of a group of voxels
as selective for one feature versus another, using a GLM framework (including using the
betas for classification) or using a SVM will work fine; if, however, the signal is weakly
encoded across a wide region of voxels, in a truly multivariate manner, a standard GLM

analysis would be insufficient to detect feature encoding.

2.5 Feature domains in fMRI

After it was shown that patterns of activity were indeed predictable in fMRI through
machine learning algorithms [Cox and Savoy, 2003, Carlson et al., 2003], the next logical
steps were to push the boundaries of what was learnable and to try to figure out exactly
what signal was underlying this process.

Using SVM’s, several researchers have been able to predict what orientation a sub-
ject is viewing at any given moment [Kamitani and Tong, 2005, Haynes and Rees, 2005].
As discussed above, orientation domains are typically not visible through conventional
fMRI, so to be able to predict the orientation of a stimulus was a huge leap forward in
terms of analytical techniques. At the time, the running hypothesis was that orientation
domains were distributed randomly and non-uniformly throughout the regular voxel grid,
in effect ‘aliasing’ the feature domains in the recorded image [Boynton, 2005]. Although
there has been considerable debate whether this is true, or that, instead, the signal is cre-
ated by larger inhomogeneities in feature-selectivities and distributions [de Beeck, 2009,
Kamitani and Sawahata, 2009], the fact that researchers could now base analyses on previ-
ously undetectable feature sensitivities remains a major breakthrough in functional imag-
ing.

The ability to decode brain images rapidly spread throughout the research community.
A number of publications showed the variety of what was learnable, including perceived

motion directions [Kamitani and Tong, 2006], semantic categories of sentences [Mitchell et al., 2004],
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what a subject was attending to [Haynes and Rees, 2005, Kamitani and Tong, 2005, Kamitani and Tong, 20C
the contents of a subject’s working memory [Polyn et al., 2005], and many other tasks. Not
all of these studies, however, truly pushed the boundaries of machine learning or neu-
roimaging; as mentioned above, classification can be a trivial extension of the GLM,
and indeed, some researchers found that they were able to decode mental states using
conventional techniques [O’Craven and Kanwisher, 2000]. For a more detailed review of
the history of the emergence of multivariate analysis in MRI, see [Norman et al., 2006,

Haynes and Rees, 2006].

2.6 Reconstruction

The fact that neural patterns in fMRI can be used to predict which of a set of stimuli a
subject is experiencing has revolutionized the field, but classification is only one side of the
coin. The brain itself is not always subject to ‘classification’ problems, where vast patterns
across thousands of neurons must fit into a small handful of previously learned categories.
Rather, every pattern is subtly different because the scene it encodes might not fit into a
rigid categorical structure. In fact, the brain must represent — and to some degree, be able
to reconstruct — the entirety of its relevant input.

Attempts to reconstruct visual input to the brain have used a different mathematical
structure from the classification problems above, but the concepts can be understood in
similar forms. Basically, a reconstruction technique will first map out the ‘receptive field’
of a given region of interest through a combination of GLM and other univariate techniques.
So, for example, a group of voxels in primary visual cortex might represent a few degrees
of the visual field. Because the visual system is understood to decompose input into various
basis functions like oriented line segments and edges, a classification paradigm can be used
to predict how much of each basis function a region of cortex is representing — and then
sum together all of the basis functions to wholly reconstruct the visual image.

In this manner, researchers have completely reconstructed visual scenes using black and
white image patches from V1 [Miyawaki et al., 2008] and even full-color images based on

the entire visual cortex[Naselaris et al., 2009]. Both of these studies first decomposed im-

41



ages into a linear combination of local image bases ¢,, [Olshausen and Field, 1996], similar
to the orientation- and feature-selective bases thought to underly processing in visual cor-
tex. Once each image was decomposed into a sum of multiple bases, the viewed image was

reconstructed as

n=1
N

I() =) ACalx)én
n=1

Cr(2) =Psprrr(¢dnlz)

Or, the reconstructed image I of the fMRI data x is the sum over all bases n of the
a-priori weighted basis function A,¢, times the amount of contrast (' (z) predicted from
the fMRI data. The amount of contrast was predicted using the SMLR algorithm, outlined
above, to determine the likelihood of the MRI data being in response to a particular image

base.

2.7 Future Directions

Machine learning techniques have transformed the field of neuroimaging in no small way.
Research has spilled beyond cognitive neuroscientists and into the medical imaging com-
munity as well, and now SVM’s have been used to detect psychiatric illness such as
schizophrenia [Sun et al., 2009], quantify and track tumor volume [Shubhangi and Hiremath, 2009],
and detecting liver fibrosis [Freiman et al., 2010], to name a few applications.

The heyday of classification-for-classification’s sake, however, has begun to wane. In-
stead, the variability of the results from classification are of interest themselves; for in-
stance, how the population code is affected by attention [Serences et al., 2009], or whether
recognition modulates the amount of correlation amongst voxels encoding visual objects

[Hsieh et al., 2010]. That is, classification has truly become a tool by which to measure
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processes such as attention in the brain.

43



Part 11

How is recognition shaped by prior

information?
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Chapter 3

Imaging prior information in the brain

Abstract

In making sense of the visual world, the brain’s processing is driven by two factors: the
physical information provided by the eyes (‘bottom-up’ data) and the expectancies driven
by past experience (‘top-down’ influences). We use degraded stimuli to tease apart the ef-
fects of bottom-up and top-down processes, since they are easier to recognize with prior
knowledge of the fully coherent images. Using machine learning algorithms, we quantify
the amount of information brain regions contain about stimuli as the subject learns the co-
herent images. Our results show that several distinct regions, including high-level visual
areas and retinotopic cortex, contain more information about degraded stimuli with prior
knowledge. Critically, these regions are separate from those which exhibit classical prim-
ing, indicating that top-down influences are more than feature-based attention. Together,
our results show how the neural processing of complex imagery is rapidly influenced by
fleeting experiences.
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3.1 Introduction

At what stage of visual processing does bottom-up information combine with top-down
expectations to yield the eventual percept? This question lies at the heart of a mechanistic
understanding of feed-forward/feed-back interactions, as they are implemented in the brain
and as they might be instantiated by computational visual systems. Furthermore, this ques-
tion is of central significance not only for vision, but for all sensory processing since the

combination of current and prior data is ubiquitous as a processing principle.

A compelling demonstration of the role of prior experience is obtained with images
so degraded that they are initially perceived as devoid of anything meaningful. However,
after being shown their coherent versions, observers are readily able to parse the previ-
ously uninterpretable image. The well-known Dalmatian dog picture [Gregory, 1970] — a
black-and-white thresholded photograph, or Mooney image [Mooney, 1957] — is a classic
example of this phenomenon. Other examples of top-down knowledge facilitating sen-
sory processing include phonemic restoration [Kashino, 2006] and the interaction between

depth perception and object recognition [Bulthoff et al., 1998].

The approach of comparing neural responses to degraded images before and after ex-
posure to the fully coherent image has been used by several research groups to identify
the correlates of top-down processing. For instance, PET scans of brain activity elicited
by Mooney images before and after disambiguation show that inferior temporal regions of
cortex, as well as medial and lateral parietal regions, exhibit greater activity in response to
recognized images [Dolan et al., 1997]. Progressive revealing paradigms, where an image
gradually increases in coherence, elicit increased and accelerated fMRI activation in sev-
eral regions including the fusiform gyrus and peri-striate cortex, when subjects have prior
experience with the images [James et al., 2000]. Additionally, EEG correlates show that
distorted or schematic line-drawings elicit face-specific N170 ERP components, which are
believed to reflect activity in the fusiform face area, only after a subject learns to interpret
them as a face [Bentin et al., 2002, Bentin and Golland, 2002]. All of these results indicate
that prior experience rapidly modifies brain activity and the final response to a given stim-

ulus. Not surprisingly, much of this modification has been localized in the higher areas
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of the visual pathway, which are more driven by the object percept that an image induces

rather than its low level characteristics.

While these results certainly demonstrate the existence of top-down influences, we be-
lieve that they may be just the tip of the proverbial iceberg at best and misleading at worst.
A critical issue left unaddressed in previous studies is the distinction between traditional
priming, and an actual increase of image-specific information encoded in a given brain re-
gion. We assert that the true criterion for declaring the presence of learning in a region is
that it alters or amplifies stimulus-specific information as encoded in the pattern of activ-
ity across the region, rather than merely changing the level of activation as a whole. The
critical question is thus: is a downstream neuron (or a machine learning algorithm) better
able to decode which stimulus was seen after exposure to the coherent image, compared to
before? If there is no enhancement of such decodability, then that region’s activity is likely
driven entirely by the physical characteristics of the stimulus, and no learning has occurred
— regardless of whether the total activity level in that region has changed.

It is thus critical to explore top-down influences from an information-theoretic perspec-
tive. To this end, we adopted a multivariate analytical technique to measure the amount of
decodable information in various cortical regions. This involves examining a fine-grained,
but potentially weak, pattern of activity across all voxels in a region of cortex, rather than
a univariate approach which detects which voxels, independently, are significantly more
active in one condition versus another.

An algorithm such as a Support Vector Machine (SVM) [Vapnik, 1998] is a linear clas-
sifier that detects the ensemble activation patterns that distinguish two or more categories
of data; formally, it projects data onto a high-dimensional hyperplane (where each dimen-
sion corresponds to a single voxel’s activity in a given region of interest) that maximally
separates two or more data clusters in that space. The ability of the SVM to accurately
predict which cluster new data belong to corresponds to the amount of information those
voxels convey about the cluster labels. That is, SVMs are accurate when voxel activity in
their underlying region of interest encodes something about the problem at hand.

Multivariate techniques have been used previously to show how different object cat-

egories are represented across visual cortex [Carlson et al., 2003, Haxby et al., 2001] and
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can be used to predict which stimuli from a fixed set a subject is viewing at any given time
[Cox and Savoy, 2003, Haynes and Rees, 2005, Kamitani and Tong, 2005]. There is some
debate in the literature as to the origin of the cortical activation patterns underlying such de-
codability, and whether they represent the aliasing of feature-selective neurons inside a grid
of voxels [Boynton, 2005, Haynes and Rees, 2005, Kamitani and Tong, 2005], or rather a
larger, non-uniform distribution of feature selectivity [de Beeck, 2009, Kamitani and Sawahata, 2009,
Swisher et al., 2010]. In both interpretations, however, the ability to decode cortical pat-
terns reflects how much information the underlying neurons contain about a stimulus in
question. In the present context, multivariate analysis gives us a useful tool to investigate
whether the amount of information contained in various cortical regions is modulated by a

subject’s prior knowledge of the stimuli.

3.2 Results

The overall methodology we followed is illustrated in Figure 3-1. Black and white ‘Mooney’
images were shown to participants during functional magnetic resonance imaging. We ex-
amined whether priming the subjects with coherent, full-color versions of the Mooney im-
ages before each run led to better recognition, and then, using machine learning techniques,
investigated whether neural activity patterns in different regions of the brain showed corre-
sponding increases in information content. This allowed us to identify the neural correlates

of prior information processing in the cortex.

Our experiments yielded three key results. First, in surprising contrast to inferences
from past studies, classically-primed voxels were not “information rich.” In other words,
decoding accuracy did not improve post-priming across these voxels. Second, a whole-
brain analysis revealed that increased recognition accuracy, due to priming, was correlated
with an increase in object-related information across many regions of the visual system.
Finally, the facilitation of behavioral and neural information was dependent on complex

image features (or objects) rather than simple features like oriented lines.
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Set 1 Primed Unprimed Set 2 een Setn

Figure 3-1: Overall methodology. Before each fMRI scan run, two images — one containing
a natural object, and one containing an artificial object — were shown to the subject. During
the run, the subject was shown Mooney images of four different objects — the two primed
images, and two novel, unprimed images — in a block paradigm, and was asked to identify
the contents of each image as either natural or artificial. For the next set of images, unde-
graded versions of the two previously unprimed images were used to prime the subject, and
two additional novel images were introduced. In this manner, every image (except the first
primed and last unprimed images) was shown to the subject in both primed and unprimed
conditions.

3.2.1 Priming increases recognition accuracy

During each scan, subjects were asked in a 2-AFC task whether each Mooney image they
saw was of a ‘natural’ or ‘artificial’ object, as a way of measuring recognition in the scanner.
All subjects consistently recognized the primed Mooney images with higher accuracy than
the unprimed images in each run (Figure 3-2; 1-tailed McNemar test, p < 1019,

If any subject did not show a significant increase in recognition for one of the images
(which would occur if the subject recognized the Mooney image in the unprimed condition,
or if they did not recognize it in the primed condition), that image was excluded from
further analysis for that subject. From a total of 38 images shown collectively to subjects,
10 were excluded in this manner, leaving 28 images included in the analysis. For these
remaining images, subjects could not recognize the images at greater than chance accuracy
in the unprimed condition. Additionally, they did not learn to recognize the images even

after multiple presentations before priming.
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Figure 3-2: Behavioral performance recognizing the primed and unprimed Mooney images
during the fMRI scans. A) Across all images, subjects performed significantly better for
primed images in a 2-AFC task indicating whether the image was ‘natural’ or ‘artificial.’
Shown is the expected value and 95% confidence intervals for the proportion correct over
all images and subjects; p value calculated from a 1-tailed paired McNemar test corrected
for multiple comparisons over all subjects and image sets. B) When images were selected
to show a per-image priming effect (resulting in discarding 10 out of 38 images), subjects
were at chance at recognizing the unprimed images.

3.2.2 Classically ‘primed’ voxels carry no information

Past studies [Dolan et al., 1997, James et al., 2000] have localized cortical areas where ac-
tivity is elevated post-priming using Mooney images. Can a simple increase in activation
levels in the primed versus unprimed conditions explain an increase in recognition ability?
To address this issue, we used a General Linear Model to find voxels which showed overall
priming. Figure 3-3 shows the group average primed response over all subjects; the location
of these voxels is consistent with past reports [Dolan et al., 1997]. Individual subject maps,
which were extensively larger but more varied in location, were used to define the ROI'’s
on a per-subject basis. A liberal statistical threshold (p < 0.01 and a clustering method to
correct for multiple comparisons to p < 0.05) was chosen to ensure that the GLM-selected
ROI was not so small as to negatively bias classification. The resulting average size across
subjects was just over 2000 voxels across both hemispheres (for comparison, functionally-
defined V1 ranged from 100-200 voxels per hemisphere, and fusiform gyrus was about

600 voxels per hemisphere). No significant activation was found for the control contrast,
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Natural > Artificial.

To examine whether priming affected the amount of information encoded in this brain
region, the scan data were subjected to a multivariate analysis where SVMs attempted to

decode which Mooney image (from all sets) a subject was viewing during any given trial.

Remarkably, restricting our multivariate classification analysis to the ‘primed’ ROI re-
sulted in chance performance of the SVMs, as seen in Figure 3-3. Knocking out the GLM-
selected voxels (and using the remainder of cortex as an ROI), however, resulted in a signif-
icant increase in decoding accuracy for both primed and unprimed conditions (McNemar
test, p < 0.01 for both conditions). Therefore, the voxels that were classically ‘primed’
could not be the same set of voxels that carry information about the stimuli. This is an
important distinction, as it suggests that the sites of priming-related activity enhancements
identified by previous studies are not necessarily the loci of top-down influences. An ag-
nostic whole-brain analysis reveals the loci of increased information, as described in the

next section.

ROI: P>U

Figure 3-3: Difference between SVM and GLM results. A) Group average response show-
ing ‘primed’ voxels, which show greater activation for primed versus unprimed images in
a GLM analysis, here illustrated in red and yellow. B) When these voxels are used as a
region of interest for the SVM analysis, no increase in information decoding is seen — and
in fact, SVM performance drops to chance. Note that although we show the group average
response here in A, each ROI was determined from a subject’s individual data.



3.2.3 Priming increases decoding accuracy throughout the visual sys-

tem

Our results show overall higher SVM classification accuracy for primed versus unprimed
images in multiple regions across the visual system, mirroring our behavioral findings.
Figure 3-4 shows a map of the regions that exhibit changes in the information of their neural
activity patterns, and Figure 3-5 shows examples of the actual decoding accuracy of several
notable regions. All regions exhibiting significant differences in decoding are reported in
Table 3.1. We find it especially interesting to note that experience dependent information
increases in early visual areas such as pericalcarine cortex, in addition to higher level areas
such as the fusiform gyrus and lateral occipital cortex. No regions exhibited lower decoding

accuracy for the primed images.

Cortical region LH RH
Anatomically defined

Cuneus n.s. p = 0.046
Fusiform gyrus n.s. p = 0.028
Inferior parietal p=10.034 | p=0.047
Inferior temporal p = 0.043 n.s.
Lateral occipital n.s. p = 0.051
Pericalcarine* p=0.010 | p=0.069
Precentral gyrus p=0.074 n.s.
Rostral middle frontal p =0.054 n.s.
Superior temporal gyrus n.s. p = 0.029
Functionally defined

Vi n.s. n.S.
V2 n.s. p = 0.062
V3 p = 0.068 | p = 0.066
V4v n.s. n.s.

Table 3.1: Significance of increased SVM-decodability in various cortical regions. Results
from a 1-tailed McNemar test are presented as p values for both left- and right-hemispheres
for every cortical region exhibiting a significant, or borderline significant, increase in infor-
mation. *Pericalcarine cortex results exhibit stronger significance, though borderline in the
right hemisphere, when the analysis was restricted to highly visually-responsive voxels.

Several regions showed a significant effect in one hemisphere, but not the other. The

most dramatic of these include lateral-occipital cortex, superior temporal gyrus, and fusiform
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Figure 3-4: Object priming increases the information found in many regions of cortex.
Using atlas-based anatomical regions of interest for the SVM analysis, several notable re-
gions including peri-calcarine cortex, inferior parietal cortex, lateral occipital cortex, and
fusiform gyrus show significantly increased decoding accuracy for primed versus unprimed
images. No areas showed higher decoding accuracy for unprimed images. The magni-
tude of the color scale indicates the level of significance in log power (e.g., +2 and -2
both indicate p < 1072), whereas the sign of the scale indicates whether primed images
yielded higher accuracy (positive scale) or vice-versa. Colored lines indicate the borders of
anatomically-based ROI’s.

gyrus, which showed significant effects in the right hemisphere but not the left, and precen-
tral gyrus and rostral-middle-frontal cortex, which showed borderline significant effects in
the left hemisphere but not the right.

Overall, our data reveal that prior experience leads to an increase in information content
across multiple cortical areas. Interestingly, these results are distinct from earlier findings

of the neural correlates of priming.

3.2.4 Simple stimuli do not elicit the same results

Since each region of the brain encodes stimuli with different levels of complexity, we in-
vestigated whether the complexity of the stimuli carrying prior information would affect
the regions of the brain that show an increase in information. To this end, we conducted a

similar experiment where subjects were shown degraded ‘simple’ stimuli containing a field
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Figure 3-5: Example results of the decoding accuracy in a few notable cortical regions.
A, B) Pericalcarine (masked to visually-responsive voxels) regions showed relatively high
decoding accuracy, and were significantly higher in the primed condition. C, D) Classifi-
cation accuracy was lower overall in the fusiform gyrus, but significantly elevated in the
primed condition in the right hemisphere only. Dashed lines indicate chance performance
levels over the entire group of subjects.

of oriented line segments (see Figure 3-6), instead of complex Mooney images.

We found no evidence of an increase in recognition for these simple stimuli (Figure 3-
6). Correspondingly, no increase in SVM decoding ability was seen in this experiment,
in any ROI tested. Additionally, no GLM-based effects were found indicating increased

activation in the primed condition.
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Figure 3-6: Difference between the ‘simple” and ‘complex’ experiments. A) Mooney im-
age of a ‘complex’ object (a dragonfly). Subjects showed an increased ability to recognize
Mooney images when primed with the coherent images, as shown in Figure 3-2. B) ‘Sim-
ple’ stimuli created by compositing many oriented line segments with an average orien-
tation, here 45 degrees. C) Unlike complex stimuli, subjects’ ability to recognize simple
stimuli was not increased when primed with the true orientations. Information is the mean
percent alignment of all oriented stimuli to the true orientation. Blue lines indicate per-
formance prior to viewing the coherent stimuli, while red lines indicate performance after
exposure. Black dotted line 1s chance, and the black scale bars indicate the average 95%
confidence interval of the true percent correct under a Bernoulli distribution.

3.3 Discussion

The increased decoding accuracy of primed versus unprimed images suggests that there
i1s an increase in image-specific information in regions of the brain exhibiting this form
of priming. In general, the regions in which we find an increased decoding ability occur
across multiple levels of the ventral visual processing system. This includes higher-level
areas such as fusiform gyrus and lateral occipital cortex, and lower levels including peri-
calcarine cortex, and in particular V2 and V3. Surprisingly, no effects were found in V1
and V4v. A recent study [Hsieh et al., 2010] has also reported an increase in information
in the foveal confluence and object-selective cortex (area LOC).

More critically, we show that these effects are distinct from traditional priming, as we
were unable to find any evidence of information encoding in the GLM-selected regions, as
discussed below. Additionally, we show that prior information is carried over complex, and
not simple, image features.

It 1s important to note the differences between the results reported here and those ob-

tained in the GLM analysis. Prior studies have shown how the overall activity in regions of
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cortex in response to Mooney images is modulated before and after exposure to the unam-
biguous versions [Dolan et al., 1997, James et al., 2000], and our localization in the GLM
analysis generally agrees with their results. However, this overall modulation of activity
must be interpreted separately from the SVM analysis results. For instance, consider the
answer to the question, “Which regions of the brain are involved in priming?” To answer
this, a GLM analysis is appropriate because it contrasts the overall activity in the brain in
response to the Mooney images before and after priming with the coherent images. The
result is a subtraction of the average activity, over all images, in one condition versus the
other. In contrast, our experiment asks the question, “Which regions of the brain encode
more image-specific information, for primed and unprimed images?” The SVM analysis
thus looks at the differential pattern of activity between all images in a single condition.
The overall level of activation in no way changes the pattern of differences between any
two images. The SVM analysis thus reports on how much information is contained in a

region pertaining to the stimuli, and not the overall activity level.

Therefore, it is best to consider the GLM and SVM methods as answering two distinct
questions. The fact that decoding ability falls to chance using only the GLM-selected
voxels highlights this distinction. In simple terms, the GLM analysis selects voxels that are
highly activated in response to all images as an average; the SVM analysis performs well
when voxels respond more to one stimulus than another. As a result, prior studies showing
‘priming’ effects via this GLM-type of analysis, in reality, show parts of the brain which
do not necessarily encode the stimuli at all. Rather, they show increased activity in regions
more likely involved in attention and arousal rather than increased information encoding of
a specific stimulus. Adaptation-based results are an exception to this, where a lower level
of activity is presumably the result of fatigued feature-specific neurons in a given area, but
the point remains that pattern information changes represent a qualitatively different result

than that obtained by the standard GLM analysis.

It is interesting to note the discrepancy between the simple and complex stimuli. Al-
though we show increased pattern decoding for primed complex objects, we did not find
similar results for simple stimuli — either in subjects’ behavioral responses, via pattern de-

coding, or via GLM. It is unlikely that no priming occurs for simple stimuli, as even V1 is
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modulated (albeit weakly) by attention [Kastner et al., 1998, Pinsk et al., 2004], but it does
appear that prior information, in this context at least, does not help the brain to decode the
orientation of line segments. This raises the interesting question of whether this lack of
priming is true only for the most basic of visual features, or if progressively more complex
stimuli show a graded amount of information increase with prior knowledge. On a similar
note, it may be the case that wholly different types of stimuli might enhance information
in different regions entirely — for instance, prior information about motion stimuli may in-
crease the amount of information in the dorsal visual stream, rather than the ventral areas

shown in this study.

These results also suggest that information priming is more than simply feature-based
attention. It is well established that neurons with multiple stimuli in their receptive fields
will respond as if only one stimulus is present when that stimulus is attended to [Reynolds et al., 1999],
and that attending specific features of an image will sharpen or increase the cortical re-
sponse to those features [Haenny et al., 1988, McAdams and Maunsell, 2000, Motter, 1994b,
Motter, 1994a, Saenz et al., 2002]. In this interpretation, the increase in information could
be due to increased attention to visual features that comprise the true object hidden in the
degraded image, and decreased attention to the ‘noise’ features. Several factors, however,
distinguish our results from classical feature-based attention experiments. First, attention
was never explicitly directed to any image features — any specific feature-based attention
was entirely endogenous as a result of increased prior knowledge about the stimuli. Sec-
ond, the experiment we conducted with ‘simple’ stimuli was more similar to a classical
feature-based attention experiment, as the subjects were cued with oriented stimuli be-
fore each scan. Our inability to detect a greater amount of information in this case stands
in contrast to the results that visual cortex, even on the single-unit level in V4, exhibits
sharpened responses to oriented stimuli when cued [Haenny et al., 1988, Motter, 1994b,
Motter, 1994a]. Our results indicate that information priming is object-based, whereas
feature-based attention is known to work on lower levels. Finally, feature-based attention
calls for an increased response in many neurons through multiplicative gain mechanisms
[Martinez-Trujillo and Treue, 2004] when comparing attended- vs. non-attended stimuli.

The fact that the most significantly activated voxels, as selected by our GLM, did not ex-
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hibit an increase in information suggests that there is more than a simple multiplicative
mechanism at work. Therefore, feature-based attention cannot fully explain our results
and differentiates this study from other Mooney-based experiments [Dolan et al., 1997,

James et al., 2000].

In some areas, we have shown a significant effect in one hemisphere but not the other.
For some regions, like the cuneus and pericalcarine areas, their physical proximity to one
another could explain why the cuneus is primed in the right hemisphere and pericalcarine in
the left, if the true foci of information priming in individual subjects happened to fall near
the atlas boundaries. Higher-level regions, however, provide a more interesting story. For
instance, the FFA is known to respond to faces differently in the left and right hemispheres,
where the right hemisphere tends to respond more to a subject’s overall percept and to
whole faces rather than parts [Rossion et al., 2000]. Additionally, the two hemispheres
of LOC are known to be modulated differentially by task demands: the right hemisphere
activity is increased more than the left by visually matching objects [Large et al., 2007].
These types of lateralization effects agree nicely with the fact that we show information
priming in the right fusiform gyrus and lateral-occipital regions, but not the left, as the right
hemisphere seems to be more involved in processing the specific visual form information

of objects [Koivisto and Revonsuo, 2003, Marsolek, 1995, Marsolek, 1999].

It is interesting to speculate whether this information-based priming simply amplifies
response patterns across cortex, or if there is a substantial alteration of the neural code.
Training the classifiers on the primed data and testing them on the unprimed data (rather
than cross-validating within each condition) results in above-chance classification rates
throughout visual cortex, indicating that there is significant conservation of the pattern be-
tween both conditions. However, our data cannot rule out the possibility of a true alteration
of the neural code where the patterns differ; indeed, we would expect that both mecha-
nisms — amplification and alteration — would occur. That is, we hypothesize that patterns
in the neural code representing the stimulus are likely amplified, but additionally the brain
might alter the neural code in areas representing missing information (for instance, using

top-down information not found in the actual stimulus).

We have shown that an increase in knowledge about a stimulus translates into an in-
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crease in pattern information across several regions in visual cortex. Although the time-
course of the fMRI signal does not allow us to conclude these are feedback-phenomena,
the fact that this increase is dependent on behavioral priming and complex images highly
suggests that this may indeed be a case for top-down facilitation of processing in the visual

system.
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3.5 Methods

3.5.1 Participants

Nine right-handed volunteers between the ages of 22-35 were recruited from the MIT com-
munity to participate in the fMRI experiment. All participants gave informed written con-
sent. The study was approved by the MIT Committee On the Use of Humans as Experi-
mental Subjects (COUHES). Four of these volunteers were excluded from analysis based
on technical difficulties with the data or a failure to perform the behavioral task adequately,
leaving 5 subjects included in the main analysis. Two of these subjects, plus two additional

subjects, participated in the ‘simple’ experiment.

3.5.2 Visual stimuli

Various photographs of 3-D, real world objects were collected from the internet or commer-
cial photography collections. Photos containing depictions of humans or human-like faces,
lettering in English or another language, and those that had high emotional valence (such
as images of snakes or spiders) were explicitly excluded from the stimulus set. Photos were

first converted to gray-scale by using only the green channel as the luminance signal. Each
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object was manually extracted from the background and placed on a neutral gray. To mini-
mize the low-level differences between images, the magnitudes of all Fourier components
were averaged across the entire image set, and the images were reconstructed via inverse
Fourier transform based on their original phase and the averaged magnitude of each partic-
ular frequency. To additionally degrade the images, phase noise was introduced, partially
‘scrambling’ the images via shifting the phase angles randomly [Dakin et al., 2002]. These
degraded images were then converted to Mooney-like images by thresholding at the per-
image median gray level intensity. The amount of noise added during the scrambling step
was titrated so that the final Mooney image was not recognizable without seeing the fully
coherent version.

For the ‘simple’ experiment, noisy oriented stimuli were generated by overlaying hun-
dreds of oriented line segments of random luminance on top of a gray background. The size
and width of each segment was scaled exponentially to approximate the foveal magnifica-
tion factor in cortex, so that segments near fixation were smallest. To degrade the stimuli,
each oriented segment was rotated proportionately from the true stimulus orientation to a

random orientation.

3.5.3 fMRI Experiment

Scanning was performed on a 3.0-Tesla Siemens scanner using a standard head coil at the
Athinoula A. Martinos Imaging Center at the McGovern Institute for Brain Research, MIT.
A high-resolution 77-weighted 3D-MPRAGE anatomical scan was acquired for each par-
ticipant (FOV 256x256, 1 mm? resolution). To measure BOLD contrast, 33 slices parallel
to the AC/PC line were acquired using standard 75 -weighted gradient-echo echoplanar
imaging (TR 2000 ms, TE 30 ms, flip angle 90°, slice thickness 3 mm, in-plane resolution
3 x 3 mm). Stimuli were rear-projected onto a screen in the scanner bore.

Scan runs began and ended with 16 seconds of fixation-rest and included 8 image pre-
sentation trials in a block paradigm. Each trial consisted of 16 seconds of visual stimula-
tion, where a given image was flickered on and off at 6 Hz to reduce habituation. Trials

were followed by 2 seconds of rest and subsequently a 4 second response window, where
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the subject was required to perform a 2-AFC task regarding the content of the image seen in
the previous block by pressing a button. Another 10 seconds of rest followed the response
phase before the next trial began. Participants were additionally instructed to report via
button press the occurrence of a low-contrast flicker in the fixation cue as a means of mon-
itoring fixation and alertness. This fixation cue was present during the image presentations

and rest, but not during the response phases.

Each scan run consisted of two arbitrarily-paired sets of images. Each set contained
one image of an ‘artificial’ object, such as a shoe, and one image of a ‘natural’ object such
as a butterfly. Before the run began, one image set was designated as ‘primed’ and the
undegraded versions of those images were shown to the subject. Each image was presented
twice per run, for a total of eight image presentations (2 sets x 2 images x 2 trials) presented
in pseudorandom order. During each response phase, the subject was required to press a
button indicating whether they recognized the previously viewed image as either natural or
artificial. The same image sets were repeated for a total of 3 runs. The non-primed image
set was then designated as primed and a new image set introduced for the next three runs.
Sessions continued in this manner and typically included 3-6 total image sets (meaning
classification was between 6-12 total images, depending on the subject) for a maximum
session duration of 2 hours. Therefore, every image was presented to the subject a total of
12 times — 6 times before they saw the coherent version, followed by 6 times after priming.
The very first primed images and the last unprimed images, which were not shown in both

conditions, were excluded from analysis.

For the ‘simple’ experiment, conducted in separate scan sessions, each scan run con-
tained repeated presentations of two degraded orientation stimuli, out of four total (horizon-
tal, vertical, and two diagonals). During each rest period, subjects were asked to indicate
which out of all four orientations they saw in the previous block, thereby performing a
4-AFC task similar to the above experiment. The same two stimuli were repeated for 2
additional runs before the subjects were shown the coherent oriented stimuli. This was
followed by three runs with the same stimuli, after exposure to the coherent stimuli. After
6 total runs, two new orientations were chosen and the process repeated for a maximum

duration of 2 hours.
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3.5.4 Analysis

Cortical reconstruction and volumetric segmentation was performed with the Freesurfer
image analysis suite, which is documented and freely available for download online. The
technical details of these procedures are described in prior publications [Dale et al., 1999,
Fischl et al., 1999a]. Functional scans were motion corrected in AFNI [Cox, 1996] and
coregistered to individual subjects’ anatomical scans using a combination of manual align-
ment, custom scripts and SPM8. No spatial or temporal smoothing was applied. The
aligned functional images were then processed in a General Linear Model (GLM) us-
ing a block-related analysis with a double-gamma HRF in FEAT (FMRI Expert Analy-
sis Tool) Version 5.98, part of FSL (FMRIB’s Software Library) [Beckmann et al., 2003].
Time-series analysis was carried out using FILM with local autocorrelation correction
[Woolrich et al., 2001] and regression against motion correction parameters. Individual
blocks were treated independently; that is, eight ﬁ images, or one per block, were output
from the GLM per run. The resulting B images were converted to z-scored images and
finally extracted per region of interest for multivariate pattern analysis as described below.

Regions of interest were defined by automatic surface parcellation [Desikan et al., 2006,
Fischl et al., 1999b, Fischl et al., 2004] in Freesurfer and by retinotopic field sign bound-
aries for V1 through V4v determined from separate scan sessions according to previously
described methods [Dougherty et al., 2003, Sereno et al., 1995]. Additionally, a ‘primed’
region of interest was determined using a general linear model in FEAT for the contrast
Primed > Unprimed with p < 0.01 and a clustering method of p < 0.05 to correct for

multiple comparisons.

MVPA

Multivariate pattern analysis (MVPA) was performed using custom Python routines based
on the PyMVPA package [Hanke et al., 2009b, Hanke et al., 2009a] with the Shogun 0.9
backend [Sonnenburg et al., 2006]. Briefly, linear Support Vector Machines [Vapnik, 1998]
were trained and used to predict which image, from all a given subject had seen, was pre-

sented during a given block, using 1-vs-Rest multi-class classifiers. As there were between
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6 and 12 different images depending on the subject, chance classification rates were be-
tween 17% and 8%. Data were trained and classified independently using leave-one-run-
out cross validation. Statistics were calculated by comparing paired classifications of each
image before and after priming in a 1-tailed McNemar test, summed over all image pairs per
subject; a final group McNemar statistic was formed using a correction for non-independent
clusters across subjects [Durkalski et al., 2003].

Results for any region of interest were excluded if neither the primed nor unprimed
images had decoding accuracy significantly higher than chance, even if the differences be-
tween the two results were statistically significant. Results from individual images were
also excluded for any subject who did not show a significant improvement in 2-AFC dis-
criminability for that particular image set, thereby restricting the SVM analysis to images
which elicited a behavioral priming effect. Of a total of 38 images, 10 were excluded in

this manner.
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Part 111

What changes in the brain when an

object is recognized?
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Chapter 4
Decoding the visual eureka

Abstract

The visual analysis of every image we encounter involves a process of perceptual organiza-
tion, one that transforms the input from an amorphous collection of regions into meaningful
entities. This ‘visual eureka’ phenomenon is uniquely useful as it separates the initial rep-
resentation of a stimulus in the brain from the higher-order processes of true recognition,
and interpretation, of the same stimulus. What neural changes accompany this perceptual
state transition? To address this question, we recorded high-density EEG signals while ob-
servers viewed sequences of images wherein an object progressively emerges out of noise.
For each sequence there was a point that marked the onset of recognition. Analyzing neural
activity straddling this point, we find biomarkers for the onset of visual recognition that are
not tied to any particular object class. Additionally, using multivariate techniques, we show
how feedback is involved in the moment of recognition.
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4.1 Introduction

Figure 4-1a shows three well-known images that present significant recognition challenges
to first-time viewers. After scanning these images for several seconds, observers typ-
ically report a 'eureka!' moment when the seemingly meaningless collection of black
and white blobs organizes itself into a coherent object [Gregory, 1970, Cavanagh, 1991,
Rubin et al., 1997]. We are interested in identifying the neural correlates of this perceptual

state change.

500-1000 ms

Recognize?
1: Yes
2: No

C Unrecognized Recognized
First frame Frame 0
% & Femr s . f'f'-‘__' 3

Control Analyze “recognition”

Analyze final frame

Figure 4-1: A) Images that are hard to recognize for first-time viewers, but become highly
interpretable after a ‘visual eureka’ moment. B) Experimental setup. Individual frames
of RISE sequences were presented sequentially to a subject at a rate of approximately one
every 5 seconds, and after each presentation the subjects were asked to report whether or
not they recognized the stimulus via button press. C) Example frames from a sequence (a
dog), and segmentation of the data for analysis. Each RISE sequence was recognized in
a stepwise manner (once the sequence was recognized, on a given frame, all subsequent
frames were recognized as well). The effects of recognition were determined by analyzing
the differences between the first recognized frame (Frame 0) and the frame immediately
preceding it (Frame - 1), which was not recognized. To control for any effects caused simply
by an increase in information, and not by a perceptual recognition event, the two frames
prior to recognition (Frames -1 and -2) were also analyzed for differences. Finally, the very
first and very last frames of the entire sequence were analyzed as well.

This goal is motivated by both basic and applied considerations.
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From the basic science perspective, the identification of such a marker would enable
novel studies of the development of recognition (tracking how the marker changes as a
function of age or visual experience) and also allow an investigation of the process by which
the brain organizes complex visual arrays into meaningful percepts. Indeed, the results we
present here have already begun to provide some insights into not just the markers but also

the mechanisms of perceptual organization.

From the applied perspective, having a neural marker for the onset of recognition will be
invaluable for assessing high-level vision in patients with certain kinds of neurological dis-
orders. Conditions like autism, visual agnosia and Alzheimer’s disease are associated with
impaired recognition abilities [Farah, 1990, Hof and Bouras, 1991, Behrmann et al., 2006a,
Behrmann et al., 2006b], but a quantification of these impairments has been hard to come
by because we currently lack any reliable biomarkers of recognition.

Since we are interested in studying a temporally evanescent moment of recognition on-
set, the brain activity assessment modality has to possess high temporal resolution. We have
therefore chosen to use electro-encephalography (EEG), which involves directly recording
electrical potentials on the surface of the scalp.

Interestingly, there is very limited work so far on identifying the EEG correlates of
the visual eureka moment. This is perhaps due to the methodological challenges involved.
Most EEG analyses require a precise knowledge of event onset times in order to tem-
porally coregister signals recorded across different trials. The visual eureka, however, is
unpredictable in its time of occurrence. One individual might see the dalmatian dog in
Figure 4-1a after 5 seconds of viewing, while another might take two minutes. Trying
to mark the perceptual change by having subjects press a button (or take some other ac-
tion) is difficult because variabilities in reaction time are too great to allow precise EEG
signal registration. Additionally, the preparation for response [ Vaughan et al., 1968] might
contaminate any markers for recognition.

We have sought to overcome these challenges through the use of a methodology we
have developed called Random Image Structure Evolution, or RISE [Sadr and Sinha, 2004].
Briefly, images can be degraded procedurally, to enable the experimenter to control how

much visual information is presented to the subject at any given time. In this manner,
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the onset of visual recognition can be triggered by a temporally precise increase in visual
information, rather than by unpredictable endogenous processes. Critically, the method
of image degradation can be chosen so as to preserve low-level image statistics effecting

attributes such as luminance and contrast.

In our analyses of the EEG data recorded in response to several RISE sequences, we
looked not only for neural activity changes associated with recognition onset, but also their
temporal staging across different brain regions. The hypothesis that guides this analy-
sis is that perceptual organization and recognition of potentially ambiguous images, such
as those in Figure 4-1a and in RISE sequences, involves significant top-down analysis
[Cavanagh, 1991, Bar et al., 2006, Craft et al., 2007, Ahissar et al., 2009]. The very fact
that the time of recognition of such images is highly variable indicates that a straightfor-
ward bottom-up strategy cannot be the underlying process. Instead, the brain likely adopts
an active 'hypothesize and test', with hypotheses being generated at a higher level and then
being verified against bottom-up data [Hupe et al., 1998, Kersten et al., 2004]. In our anal-
yses we seek to determine if the temporal ordering of neural activations across the brain is

consistent with this notion of top-down guidance.

4.2 Results

To identify the changes that occur in the brain coincident with the moment of recognition,
we adopted a modified version of a RISE sequence and recorded EEG signals from subjects
as they viewed the stimuli. Briefly, images of real-world objects were scrambled in Fourier
space to contain a specific amount of phase coherence, and then thresholded to contain only
two luminance levels (black and white), to yield images akin to those produced by Mooney
[Mooney, 1957]. The resulting images were presented to subjects sequentially so that every
new image contained more information than the last, until a fully coherent two-tone image
was presented; after that, a fully scrambled version of a new image was presented to the

subject. See Figures 4-1b-c for an example.
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4.2.1 Stepwise recognition and data segmentation

In each RISE sequence, subjects’ recognition responses exhibited a step-like profile — once
an image was recognized, all versions of the same image containing more information
were recognized as well. We analyzed three sets of data, defined relative to the first frame
in which the object was recognized; this frame was denoted as Frame O (see Figure 4-
1c). To analyze the effects of recognition, the first recognized frame was compared to the
immediately prior frame that had not been recognized; that is, we compared Frame 0 to
Frame -1. To control for effects induced primarily from an increase in information and low
level changes in the images, a second data set was analyzed containing the responses to the
prior two image frames, Frames -1 and -2. A final dataset included the very first and very
last frames of the entire RISE sequence, to compare our results with those obtained using
large increases in information (and viewing coherent versus non-coherent objects). These

dataset segmentations are illustrated in Figure 4-1c.

4.2.2 Waveform analysis

In order to elucidate the effects of recognition in the brain, we examined the evoked re-
sponse potentials. Figure 4-2a shows the average potential response for all stimuli imme-
diately after recognition, for a sparsely sampled set of sensors across the brain. This is
contrasted with the responses to stimuli one frame earlier, which were not recognized.

As evidenced by Figure 4-2a, the polarity of change in ERP waveforms corresponding
to recognized and unrecognized frames partitioned the set of sensors into two rough pro-
files, in frontal and occipital regions. We examined this further by averaging over these
broad regions of interest for further analysis. To establish whether the responses were
significantly different, successive paired t-tests (comparing identical stimuli per subject)
were calculated across the entire waveform. Time points that were significant at a level of
p < 0.05 and remained significant for greater than 10 ms (to correct for multiple compar-
isons) are shaded in Figure 4-2c.

Several differences are immediately noticeable in Figure 4-2c. In occipital-parietal

regions, recognition of the stimulus resulted in a decreased positive inflection around 200

69



Recognized B C
Unrecognized

Frontal
A

Occipital

Voltage (uV)

Ao o i a0 30 o S0 sk 700 w0
Time (ms)

Figure 4-2: ERP analysis. A) Selected sensors showing the difference between recognized
and unrecognized stimulus ERP’s. B) Schematic illustrating the two main ROI's. C) ERP
results averaged over these two ROI's. Shaded timepoints indicate where the two ERP’s
are significantly different at p < 0.05 for 10 ms or longer. Occipital sensors exhibited
a decreased positive inflection around 200 ms post stimulus, and an increased negative
inflection 300 ms post stimulus. Frontal sensors exhibited a decreased negative inflection
200 ms post stimulus, and an increased positive inflection around 300 ms post stimulus.
Time O represents when the stimulus was presented; the stimulus duration was 500 ms.
D) Full-head ERP differences between recognized and non-recognized images, shown at
the two timepoints where occipital regions showed the greatest difference. The differential
patterns of activation are clearly bilateral and involve both frontal and occipital regions.

ms after the stimulus onset, and an increased negative inflection 300 ms post stimulus onset.
Frontal responses were more complicated, with significant differences extending from 150-
400 ms post stimulus, including a decreased negative inflection at 200 ms, and an increased
positive inflection at 300 ms. These differences can not be accounted for by a simple
increase in image saliency or contrast, as the ERP responses for the last unrecognized
image and the image immediately prior to that one (Frames -1 and -2) did not show any

significant differences.
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In order to clearly visualize the evoked potentials, the differential response (Recognized
— Unrecognized ERP’s) was plotted over the entire scalp. Timepoints 200 ms and 285 ms,
which roughly correspond to the peak differences in the occipital regions, are shown in
Figure 4-2d. These results clearly indicate that the ERP differences were substantially

bilateral, and involve both frontal and occipital regions simultaneously.

4.2.3 Recognition can be decoded

To extend the results of the traditional waveform analysis, we subjected the data to a multi-
variate decoding experiment to see if we could predict whether the EEG signal at any given
timepoint was caused by a ‘recognized’ image or not. Rather than looking for a difference
in the overall average potential response, this technique is sensitive to more subtle differ-
ences that are potentially distributed across multiple sensors. The classifier is trained to
detect these differences in a subset of the data and uses this information to accurately pre-
dict which of two categories the remaining data fall into. Greater-than-chance accuracy of
the classifier would thus indicate that there is a learnable signal present in the data, whether
or not it is visible by eye or statistically significant via univariate measures.

Briefly, linear Sparse Multinomial Logistic Regression (SMLR) [ Yamashita et al., 2008]
classifiers were trained and used to predict data based on a single timepoint, using N-fold
cross-validation across each image set. This allowed us to plot classification accuracy at
each time point. Figure 4-3a shows the overall accuracy for the same two previous regions
of interest, frontal and occipital, in addition to the entire head as an ROI. The averaged
classifier output resulted in a gradual increase in accuracy that peaked around 200-300 ms
post stimulus. Classification was significantly above chance throughout the stimulus dura-
tion, and dropped between 500-600 ms, just after the stimulus was turned off, in all three
ROI’s.

In order to establish that the classifiers were picking up a true perceptual recognition
signal, rather than one driven by low-level differences caused by the recognized frame
containing more information than the last unrecognized frame (due to the nature of the

RISE sequences), the analysis was repeated on a different slice of data containing only
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Figure 4-3: Classification by time, averaged over all subjects, for the full head, occipi-
tal regions only, and frontal regions only. A) Classification of recognized vs unrecognized
images. Overall classification is similar for all three, peaking around 200-300 ms post stim-
ulus and showing significant periods of above-chance accuracy. All three decrease by 600
ms, just after stimulus offset. B) The same analysis run on the last two unrecognized im-
ages. Classification accuracy is significantly lower, and peaks around 100 ms post stimulus.
Error bands are the 99% confidence intervals of a Bernoulli process. Chance classification
rate is 50%.

the last two unrecognized images. Figure 4-3b shows the same accuracy plots using the
unrecognized data only. In this case, accuracy was significantly lower and peaked around
100 ms post stimulus; it did not persist throughout the stimulus duration as the recognized

data set did.

Surprisingly, the accuracy plots do not simply reflect the differential waveform anal-
ysis. That is, rather than showing peaks in accuracy when the ROI's showed significant
ERP differences (as seen in Figure 4-2c¢), the classification accuracy plots were elevated
throughout the stimulus duration. In other words, classification analyses revealed signif-
icant multivariate differences in the dataset which were not visible in the averaged ERP

plots.
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4.2.4 Feedback occurs upon recognition

In addition to running the classification analysis on three broad regions of interest, we
adopted a searchlight ROI approach which ran the classification on clusters of 6 neigh-
boring sensors. In this manner, we were able to restrict the results of our analysis both
spatially and temporally. This analysis revealed interesting dynamics on the flow of infor-
mation across the cortex.

For the first recognized and last unrecognized images, Figure 4-4a shows frames from
the searchlight classifier analysis showing performance across all sensors from 80 ms to 140
ms post stimulus onset. From approximately 80 ms to 140 ms post stimulus, classification
accuracy was high in frontal areas and progressed backwards into occipital regions, indica-
tive of a feedback-like process. After 140 ms, classification accuracy was high throughout
the brain for the duration of the stimulus, similar to the accuracy reported in Figure 4-3a.

In the control dataset of the last two unrecognized frames, however, the searchlight
analysis yielded qualitatively different results. Figure 4-4b shows this control data: there
are similar early frontal differences beginning around 80 ms post stimulus, but there is a
lack of feedback. After 140 ms, searchlight classification accuracy remained low through-
out the brain, as in Figure 4-3b.

Additionally, we ran the searchlight classification analysis on the very first frame in the
RISE sequence and the very last frame. Rather than classifying recognition states between
similar images, this data segmentation includes large image-level differences, and cap-
tures the differential response between coherent and incoherent objects. The result of this
classification showed only feedforward-like classification accuracy, as seen in Figure 4-4c.
Therefore, image-level differences inherent in the RISE sequences could not have resulted

in the feedback pattern we observe.

4.3 Discussion

We have presented results of our experiments to identify the neural correlates of the visual
eurcka moment in the brain.

We have found multiple signatures of visual recognition. The clearest of these occur
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Figure 4-4: Selected frames from the searchlight classifier analysis. A) From 80 to 140
ms post stimulus, there was feedback-like activity seen as a frontal-to-occipital sweep of
classification accuracy. Colors indicate the negative log10 p-score of classification perfor-
mance occurring by chance throughout the brain, given a 6-sensor cluster centered on each
point in space and time. B) The control dataset, which consisted of the last two unrec-
ognized frames, showed similar early frontal activity but did not result in any significant
feedback pattern. C) The same analysis run on the very first and very last RISE frames,
where there are large low-level differences, revealed only feed-forward activity.

in occipital regions; they present as a decreased positive inflection around 200 ms post
stimulus, and an increased negative inflection at 300 ms. We found additional and extended
differences in the frontal lobe as well, and these components can serve as biomarkers for
visual recognition studies.

Previous studies that have used a progressive revealing paradigm have had to contend
with a significant limitation. The stimuli used gradually increase in image contrast, as well
as in the amount of complex imagery presented. These changes potentially obfuscate the
distinct moment of recognition in the sequence. Indeed, EEG components revealed by
such sequences [Doniger et al., 2000] are found to scale progressively with the amount of
the stimulus revealed. That is, for every frame of the image that was revealed in their pro-
gressive paradigm, the component was stronger until it peaked at the frame of recognition.
A similar study using fMRI also showed that activity in high-level visual cortex (areas LOC
and the fusiform face area) increased during a progressive revealing task, but was critically

not related to the moment of recognition [Carlson et al., 2006], instead responding before
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and during recognition. This is distinctly different from our component, which shows no
change in the two frames prior to the recognition moment, and then a qualitative change co-
incident with the recognized frame. Our scrambled and thresholded images hold low-level
properties steady across the set and thus result in a marked step-wise recognition behavior.
Our findings of a marker for perceptual recognition are therefore not confounded by, and

do not represent, areas responding to low-level aspects of the image.

In addition to the direct signatures of visual recognition, we have examined the aspects
of the eureka moment using a classification paradigm. By doing so, we have discovered that
previously undetected, spatially distributed, signatures of recognition exist throughout the
stimulus duration as evidenced by the high accuracy rate of classification. The signature of
classification was qualitatively different from that of the ERP analysis — rather than peaking
at specific time points, classification accuracy was relatively high and steady throughout
the stimulus duration. This may be a more generally valid distinction, and opens the door
for new studies contrasting the results between traditional ERP analysis and multi-sensor

classification.

Even more interesting, we believe, is the fact that we could trace the directional flow
of information in the brain, and have discovered that feedback-like activity occurs during
the moment of recognition in the case of degraded imagery. It has long been suspected
that recognition involves significant feedback activity in the form of cortico-cortical loops
[Mumford, 1992, Ullman, 1996], especially in the case of degraded or low-salience im-
agery; our experimental results provide direct evidence for these hypotheses. Of particular
interest, though, is that we did not see feedback activity when the image-level differences
were large, in analyzing the very first and last frames of the sequence. Rather, all direc-
tional information flow in this case was feed-forward. We hypothesize that a form of rapid
learning occurs that changes the directional flow of information, so that future presentations

of the same (previously uninterpretable) image are processed in a feed-forward manner.
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4.5 Methods

4.5.1 Subjects

Ten adults between the ages of 20 and 30 years participated in this experiment. All adults
had normal or corrected-to-normal vision, and none had a history of neurological abnor-
malities. Three of these subjects were excluded from analysis due to excessive artifacts,

leaving seven subjects included in the analyses reported here.

4.5.2 Stimuli

A variation of a RISE technique [Sadr and Sinha, 2004] was used to create the stimuli for
this experiment. Images of 32 real-world objects (for instance, a dog, school bus, shoes)
were used to create 32 RISE sequences containing 20 images each. To create each se-
quence, the original image was decomposed into its Fourier components and recomposed
with a decreasing amount of added phase noise per frame, to create 19 ‘scrambled’ image
variations. This preserved the low-level properties of the image (i.e., the amount, or magni-
tude, of all component frequencies) but rendered the images progressively more recogniz-
able with decreasing phase noise. Each image (including the original) was then thresholded
to become a two-tone, black and white Mooney image [Mooney, 1957]. Thus, in each se-

quence, a recognizable image evolved out of noise.

4.5.3 Procedure

Participants saw 32 RISE sequences in random order, with each sequence containing 20
frames. The pictures were presented against a uniform gray background. Each trial con-

sisted of stimulus presentation (500 ms) and a post-stimulus recording period (1500 ms)
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during which the screen was a uniform gray. The inter-trial interval, during which a black
fixation cross was presented on a gray background, varied randomly between 500-1000 ms.
Participants were required to determine whether or not they recognized each stimulus, and
responded using two buttons on a button box. Participants were instructed to make their

responses as quickly and accurately as possible.

4.5.4 Electrophysiological Recording and Processing

While participants were performing the above task, continuous EEG was recorded using a
128-channel Hydrocel Geodesic Sensor Net (Electrical Geodesics, Inc.), referenced online
to vertex (Cz). The electrical signal was amplified with 0.1 to 100Hz band-pass filtering,
digitized at a sampling rate of 1 KHz, and stored on a computer disk. Data were analyzed
offline using NetStation 4.3 analysis software (Electrical Geodesics, Inc.). The continuous
EEG signal was segmented into 900 ms epochs, starting 100 ms prior to stimulus onset.
Data were filtered with a 1-50 Hz band-pass elliptical filter and baseline-corrected to the
mean of the 100 ms period before stimulus onset. NetStation's automated artifact detection
tools combed the data for eye blinks, eye movements, and bad channels. Segments were
excluded from further analysis if they contained an eye blink (threshold +/- 70 uV) or
eye movement (threshold +/- 50 uV). In the remaining segments, individual channels were
marked bad if the difference between the maximum and minimum amplitudes across the
entire segment exceeded 80 uV. If more than 10% of the 128 channels (i.e., 13 or more
channels) were marked bad in a segment, the whole segment was excluded from further
analysis. If fewer than 10% of the channels were marked bad in a segment, they were
replaced using spherical spline interpolation. Waveforms were then re-referenced to the

average reference configuration.

4.5.5 Waveform analysis

Data from the first recognized frame and the last unrecognized RISE frame (frames 0 and
-1) were directly compared by performing a paired t-test on the ERP waveforms, per image,

per subject, over all subjects and images. To correct for multiple comparisons, results were
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only reported where p < (.05 for 10 ms consecutively. Prior to performing the t-test, the
ERP’s were averaged across either occipital or frontal sensors, as shown in Figure 4-2b. In
addition to this data segmentation, a control analysis was performed with the data from the

last two unrecognized frames.

4.5.6 Multivariate pattern analysis

Data were trained and classified using the Sparse Multinomial Logistic Regression[ Yamashita et al., 2008}
algorithm, and N-fold cross-validated by excluding one entire image set from training
at a time. Both of these algorithms were implemented in Python using the PyYMVPA
toolbox[Hanke et al., 2009b, Hanke et al., 2009a]. Classification accuracy was calculated
from the sum of confusion matrices over all subjects, calculated independently by sensor,
ROI, and/or millisecond sample depending on the exact experiment. Additionally, the re-
sults were smoothed over time by summing the confusion matrices in a given 25 ms time
window (independently by ROI or sensor). Confidence intervals of classification accuracy
were calculated as the 99% CI of a Bernoulli process with a true percent success rate equal

to that of the classifier’s.
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Part IV

What changes in the brain as we learn to

recognize the world?
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Chapter 5

Visual cortex reorganization following
late onset of sight in congenitally blind

humans

Abstract

What kinds of neural changes underlie the very initial stages of human visual development?
This question is operationally difficult to answer given the severe challenges of conducting
brain imaging studies with newborn infants. We report here our results from an unusual
opportunity to address this question by studying congenitally blind individuals whose sight
we were able to restore post adolescence. Contrary to our prior understanding of critical
periods for visual development, we find strong evidence of brain plasticity in these indi-
viduals. More specifically, using functional connectivity analyses, we find that there is a
significant enhancement of cortical decorrelation as a function of time following the onset
of sight. These findings have important implications for our understanding of brain plastic-
ity and the heretofore largely theoretical notions of the development of efficient coding in
the brain.
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5.1 Introduction

Critical to our understanding of how the visual system works is how it develops. Humans
acquire significant visual abilities within the first few months of life; however, the neural
changes accompanying these early stages of development have been hard to elucidate due
to the operational difficulties of conducting neuroimaging studies in very young children.
By the time the children are old enough to be cooperative subjects in such studies, they

have already passed major developmental milestones.

From the perspective of methodological feasibility, therefore, the ideal research subject
to study visual learning is a developmentally mature individual who has been deprived of
normal visual input. Such subjects are very rare because cases of curable congenital blind-
ness are almost always treated within a few months after birth. However, in developing
countries the advances of modern medicine are not as accessible — India, for example, has
a relatively large population of children who are born with cataracts due to prenatal infec-
tions or heritable vulnerabilities. Modern eye clinics can easily restore vision to many of
these children, but for various cultural and economic reasons, many do not receive treat-
ment until well into their teens. This has disastrous consequences for their prospects for
receiving education and general societal integration. In addressing the humanitarian need
of providing sight to congenitally blind individuals, we are also presented with an unusual
scientific opportunity to study their visual development from the moment sight is restored.
An effort that we launched recently, named Project Prakash [Mandavilli, 2006], has pur-

sued these twin objectives.

Past work from our laboratory has behaviorally documented the significant gains in vi-
sual proficiency the congenitally blind individuals exhibit as a function of time after sight
restoring surgery [Ostrovsky et al., 2006, Bouvrie and Sinha, 2007, Ostrovsky et al., 2009,
Held et al., 2011]. These results motivate an examination of any changes in brain orga-
nization after sight onset. In this regard, it is especially interesting to investigate the
changes brought about within cortical areas that in the normal brain are visually driven.
Would the influx of patterned visual information after the onset of sight result in organi-

zational changes within these areas, or are these regions incapable of significant reorga-
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nization late in life, consistent with the notion of a critical period in visual development
[Wiesel and Hubel, 1965b]?

Motivated by this general question, in the present study we examine how groups of neu-
rons interact together using resting-state functional magnetic resonance imaging (fMRI).
The co-activation of groups of voxels in fMRI in the absence of explicit stimulation (i.e.,
‘resting state’) is used to infer an underlying connectivity amongst those regions [Biswal et al., 1995].
Past work has shown that resting-state functional connectivity is very stable across time in
normally-sighted individuals [Damoiseaux et al., 2006, Chen et al., 2008, Shehzad et al., 2009].
This longitudinal stability in typical individuals serves as a good reference against which
to examine how, if at all, resting-state functional connectivity varies over time in the newly
sighted individuals.

It is difficult to make a strong prediction regarding longitudinal trends in data from
the Prakash subjects post sight-onset. On the one hand, the classical ‘critical period’
notion [Wiesel and Hubel, 1965b] suggests that visual cortex would have little, if any,
plasticity to change in response to sight restoration after years of congenital blindness.

On the other hand, our past evidence [Ostrovsky et al., 2006, Bouvrie and Sinha, 2007,
Ostrovsky et al., 2009, Held et al., 201 1] of behavioral visual skill improvements suggests

that that the underlying neural circuitry is likely to exhibit corresponding changes as well.

5.2 Results

In order to examine whether there was a change in connectivity amongst various brain
regions during visual development, we performed a resting state connectivity experiment
with six subjects who ranged in age from 14 to 24 years. All subjects had been blind from
birth due to bilateral congenital cataracts; prior to surgery, all subjects had the ability to de-
tect the presence and direction of projected light, but were functionally blind to the extent
that they could not count fingers at a distance of one meter. Our experiment consisted of
imaging subjects during rest (that is, no explicit task was performed) using functional mag-
netic resonance imaging (fMRI) and examining the correlation of voxels across multiple

brain regions. For each of the six subjects, the experiment was conducted longitudinally at
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multiple post-surgery dates. The period of follow-up averaged 5 months.

In order see which areas, if any, showed a change in resting-state functional connectiv-
ity, we ran a searchlight analysis where the average correlation coefficient amongst neigh-
boring voxels was calculated. This analysis quantified the local ‘smoothness’ of the dataset.
That is, the average correlation of neighboring voxels is a measure of how closely related
the activity in that region was to itself. After running the searchlight analysis, the coeffi-
cients were projected into a spherical atlas space [Fischl et al., 1999b] and a General Linear
Model (GLM regression test with days post surgery and subjects as regressors) was run on
each point in the atlas, to determine the dependence of the correlation coefficients on the

elapsed time since each patient’s surgery.

The results of the correlation searchlight GLM are shown in Figure 5-1. Contrary to
expectations from the critical period hypothesis, we found evidence of dramatic reorganiza-
tion within the first few months after sight onset. The data revealed a decrease in the corre-
lation amongst neighbors occurring in occipital areas commonly associated with peripheral
visual activity, based on general patterns of retinotopic mapping [Sereno et al., 1995]; no
change was seen near the occipital pole. Additionally, several areas showed an increase
in local correlation over time, including the frontal pole, the insular gyrus, and the medial
wall.

To more rigorously test this pattern of results, we subjected the data to an indepen-
dent component analysis [Beckmann and Smith, 2004, Beckmann et al., 2005]. Briefly,
this type of analysis extracts spatial patterns of correlated activity that are maximally inde-

pendent from one another over time.

All imaging sessions, including three conducted prior to surgery and in two normal
control subjects, revealed two strong independent components of co-activated voxels local-
ized in areas of putative visual cortex. These components are readily distinguishable from
others and have been seen consistently in normal subjects as well [Beckmann et al., 2005].
Figure 5-2a shows examples of these two components for various post-surgery dates in one
subject. Generally, one component appeared to be consistently located near the occipital
pole, an area associated with foveal stimulation based on patterns of human retinotopic

mapping [Sereno et al., 1995]; the second component encircled the first in areas associated
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Figure 5-1: GLM results illustrating the dependence of local correlation coefficients on the
number of days post surgery. Peripheral visual areas showed a decrease in correlation over
time, indicating more independent activity. Frontal, insular, and medial regions, however,
showed an increase in local correlation over time. The z-score of the GLM results (correla-
tion coefficients versus time and subjects as regressors) is plotted, with the sign of the score
indicating whether the correlation increased with time (positive z) or decreased (negative

z).

with peripheral activation.

The data revealed marked changes in the appearance of these components over time. In
order to systematically characterize these changes, we examined how the power, in terms of
the percent of explained variance, of the foveal and peripheral components varied as a func-
tion of time post sight-onset. Although the components were easily recognizable in each
repeat of the experiment, the amount of variance the peripheral component explained sig-
nificantly decreased over time after surgery. Figure 5-2b shows that this decrease occurred
consistently across all subjects examined, for the peripheral but not the foveal component
(GLM regression test with days post surgery and subjects as regressors; p = 2.2 x 107°).
Since each component represents the co-activation of voxels, a decrease in power indi-
cates that the voxels were acting more independently, and thus, arguably, encoding more

information about the visual world.
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Figure 5-2: Resting-state connectivity reveals two strong independent components local-
ized within putative visual cortex. A) Foveal and peripheral components shown in the left
hemisphere, inflated and then flattened, for one example subject over an extended period of
time. Both components elicited similar patterns of activity in the right hemisphere. Titles
are days relative to the surgery date on which the experiment was repeated. B) The power
of the peripheral component, in terms of the percent of total explained variance, signifi-
cantly decreased over time for all subjects. The foveal component did not show any time
dependency. Each colored line represents an individual subject; the solid black line is the
GLM regression with days post surgery and subjects as regressors (p = 2.2 % 107°).

5.3 Discussion

We believe that these results are significant from two perspectives. First, the very fact that

resting state functional connectivity changggsuggests that the brain maintains a signifi-



cant measure of plasticity into late childhood or even early adulthood, contrary to classical
notions of critical periods in the visual system [Wiesel and Hubel, 1965b]. This is consis-
tent with the behavioral improvements we have observed in previous studies of congeni-
tally blind individuals treated late in life [Ostrovsky et al., 2006, Bouvrie and Sinha, 2007,
Ostrovsky et al., 2009, Held et al., 2011].

Second, and more specifically, these results provide direct empirical support for an
important theoretical hypothesis about information encoding in the brain. The ‘efficient
coding’ hypothesis [Barlow, 1989, Barlow and Foldiak, 1989, Dimitrov and Cowan, 1998]
maintains that the cortex achieves efficiency in information encoding by reducing redun-
dancy across units, or equivalently, enhancing their decorrelation. Our data showing that
large regions of visual cortex undergo progressive decorrelation is consistent with this the-
oretical prediction of efficient coding. Decorrelation allows for factorial coding wherein
responses of different units are statistically independent from each other. Such coding, also
referred to as minimum entropy coding [Barlow, 1989, Atick and Redlich, 1990, Atick and Redlich, 1992],
facilitates downstream neural processing by simplifying ‘readout’ [Barlow, 1989, Redlich, 1993].
The fact that we observe increased decorrelation after the onset of sight also suggests that
efficiency of encoding is enhanced via visual experience rather than simple physiological

maturation independent of experience.

The neural underpinnings of the observed decorrelation are unclear, but one plausible
candidate is reduction in receptive field sizes of visual cortical cells post sight-onset. Past
research has demonstrated that visual deprivation results in an increase in receptive field
sizes [Ganz et al., 1968] which would lead to greater overlap and correlation across neu-
rons. Reduction of this deprivation-induced overgrowth following onset of sight would

yield reduced correlations.

The localization of these changes in the visual periphery, rather than the fovea, is a sur-
prising finding. One potential explanation is that decorrelation also occurs in foveal regions
but at a granularity finer than that detectable in our scanner, possibly due to differences be-
tween foveal and peripheral regions based on cortical magnification [Tootell et al., 1988].
Another possibility is that peripheral regions, as they encircle foveal regions, have expe-

rienced encroachment from other cortical areas and must be ‘reclaimed’ by visual cortex.
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This is a particularly enticing hypothesis as auditory cortex is known to have strong connec-
tivity with peripheral, but not foveal, retinotopic cortex [Falchier et al., 2002, Eckert et al., 2008,
Cate et al., 2009].

This evidence of marked reorganization of functional connectivity in visual cortex
brings up several interesting questions that can feasibly be addressed by Project Prakash.
Notably, are there any age-related limits to the extent of such plasticity? Also, how do
changes in functional connectivity relate to the inception of regional specialization in the
visual cortex? Answers to these questions hold the promise of new insights into the mech-

anisms underlying the development of functional visual skills.

5.4 Methods

5.4.1 Patients

Subjects were selected through an outreach and ophthalmic screening program under joint
supervision of Project Prakash Center for Vision and Shroff Charity Eye Hospital. The goal
of this outreach program was to identify patients in need of clinical eye care across several
villages in northern India; a subset of these patients who presented with treatable congenital
bilateral cataracts were presented the option to volunteer for this study. The volunteer status
of a patient did not affect the quality of any medical services rendered. Only subjects over
the age of 14 and in good physical health were further selected for imaging. Typically,
subjects were functionally blind, but maintained the ability to detect ambient light and to

orient towards the direction of projected rays.

Each patient underwent cataract surgery with an intra-ocular lens implant in one or
both eyes, replacing the opacified natural lens and allowing for functionally useful acuity,
averaging 20/80. One patient did not exhibit an increase in acuity post surgery, likely due
to residual optic nerve damage; this patient was excluded from analysis. Six remaining

subjects were used for analysis.
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5.4.2 Imaging

Functional imaging was conducted at the Mahajan Imaging Center, New Delhi, India, in
accordance with the rules and regulations set forth by Institutional Review Boards at MIT
and Schroff Charity Eye Hospital. Scanning was conducted on a 1.5 T General Electric
MRI machine. A high-resolution 73-weighted FSPGR anatomical scan was acquired for
each participant (FOV 256x256, 1 mm? resolution). To measure BOLD contrast, between
19 and 33 slices (depending on the size of the subject’s head) parallel to the AC/PC line
were acquired using standard 7 -weighted gradient-echo echoplanar imaging (TR 2000
ms, TE 50 ms, flip angle 90°, slice thickness 5 mm, in-plane resolution 3.4 x 3.4 mm).
Resting-state data was captured in two or three runs of 77 TR’s (approximately 2.5 minutes
per run) each, depending on the time available per subject on that day. Subjects returned
to the scanning center periodically to repeat the experimental session depending on their

availability.

5.4.3 Analysis

Cortical reconstruction and volumetric segmentation was performed with the Freesurfer
image analysis suite, which is documented and freely available for download online. The
technical details of these procedures are described in prior publications [Dale et al., 1999,
Fischl et al., 1999a]. Functional scans were motion corrected and despiked in AFNI [Cox, 1996]
and coregistered to individual subjects’ anatomical scans using a combination of manual
alignment, custom scripts and SPM8. No slice timing correction was performed. Data were
projected into a spherical surface atlas space using automatic cortical surface parcellation

[Fischl et al., 1999b, Fischl et al., 2004, Desikan et al., 2006] in Freesurfer.

5.4.4 Correlation searchlight

To determine the local correlation amongst neighboring voxels, a searchlight routine from
PyMVPA [Hanke et al., 2009b, Hanke et al., 2009a] was run on the motion-corrected, de-
spiked functional data. The pairwise temporal correlation amongst all neighboring voxels

in a sphere with a radius of 11 mm was averaged and projected into the spherical atlas
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space. A general linear model was used to determine the dependence of local correlation

for each point in the atlas space on time, by regressing against time and individual subjects.

5.4.5 ICA mapping

Independent component maps were calculated separately for each session, using multi-run
temporal concatenation. Analysis was carried out using Probabilistic Independent Compo-
nent Analysis [Beckmann and Smith, 2004] as implemented in MELODIC (Multivariate
Exploratory Linear Decomposition into Independent Components) Version 3.10, part of
FSL (FMRIB's Software Library, www.fmrib.ox.ac.uk/fsl). The peripheral and foveal inde-
pendent components were identified by eye and projected onto the flattened cortical surface
using Freesurfer for display. To determine the dependence of each component on time post
surgery, the percent of variance each component explained was fed into a general linear
model with regressors against time and individual subjects (to account for a difference of

mean variance across subjects).
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Chapter 6

Development of face-selective regions

after the onset of sight in congenitally

blind individuals

Abstract

What kinds of neural changes underly the initial stages of visual development? This ques-
tion is operationally difficult to answer in humans given the severe challenges of conducting
experiments with newborn infants. We report here our results from an unusual opportunity
to address this question by studying congenitally blind adults whose sight we were able to
restore. Contrary to our prior understanding of critical periods for visual development, we
find strong evidence of brain plasticity in these individuals. In this study, we show how
regions of the brain selective for faces and objects develop after the onset of sight. We find
that face-selective responses develop non-monotonically over a period of several months,
but object-selective responses appear to be stable immediately after sight restoration.
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6.1 Introduction

Instances of sight onset after several years of congenital blindness are extremely rare. It is
estimated that over the entire recorded history of neuroscience, fewer than 20 such cases
have been reported and studied in any detail [Gregory and Wallace, 1963, Sacks, 1995,
Valvo, 1971]. This is because an infant born with a curable form of blindness is typically

treated within a few months after birth.

Although rare, cases of late sight onset offer a unique opportunity to address several
fundamental questions regarding brain plasticity and early stages of visual learning. Project
Prakash, a humanitarian and scientific initiative from our laboratory [Mandavilli, 2006],
has enabled us to identify, treat and study such individuals in India. Our work thus far
has documented the significant gains in visual proficiency that congenitally blind individ-
uals exhibit as a function of time after sight-restorative surgery [Ostrovsky et al., 2006,
Ostrovsky et al., 2009, Bouvrie and Sinha, 2007, Held et al., 2011]. These results motivate
an examination of changes in brain organization after sight onset. In this regard, it is espe-
cially interesting to investigate the changes brought about within cortical areas that in the
normal brain are visually driven. Would the influx of patterned visual information after the

onset of sight result in organizational changes within these areas?

Motivated by this general question, in the present study we examine how regions of the
ventral visual system develop selective responses to image categories. It is well established
that the ventral stream contains several regions that can be distinguished by their selective
responses to certain categories of objects; the most well studied of these regions is the
fusiform facial area, or FFA [Kanwisher et al., 1997], which responds maximally to visual
stimuli containing faces — a stimulus type of great ecological significance. Very little, how-
ever, is known about how the ventral stream develops. Imaging results in younger children
offer conflicting evidence of the existence of a face-selective region in the fusiform gyrus,
and there is general consensus that such a region continues to develop into adolescence (see
[Grill-Spector et al., 2008] for review). The prolonged development of the FFA stands in
contrast to developmental patterns seen for generic object-specific responses (in the lateral

occipital complex, or LOC [Grill-Spector et al., 1998]), which appear adult-like by the age
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of seven in normal children (also reviewed in [Grill-Spector et al., 2008]). However, no
prior experiments can tease apart the effects of visual learning and overall system develop-
ment. In this context, longitudinal studies of our congenitally blind, sight-restored subjects

provide us the opportunity to address several fundamental questions:

1. Does the human brain remain adequately plastic to allow the development of func-

tionally specialized cortical regions, despite a lifetime of visual deprivation?

2. If localized functional specialization does develop late in life, is it spatially and to-

pographically similar in organization to that found in the normally developed brain?
3. How rapidly do functional modules develop after the onset of sight?

4. Do different kinds of functional specialization have different timelines of develop-

ment after the onset of sight?

5. How does the timeline of neural development correlate with the timeline of develop-
ment of perceptual skills? Is there a systematic temporal lag relating one timeline to

the other, and what inferences about causality can be derived from such a lag?

These are the questions that motivate the experiments we describe here.

6.2 Results

In order to examine the development of category-specific response regions in the ventral
stream, an fMRI experiment was conducted on blind subjects whose sight had been recently
restored. In this experiment, images of several distinct categories — faces, objects, places,
and scrambled images — were shown to the subjects in a block paradigm. The experiment
was conducted as close to the surgery date as possible and repeated several times in the

following weeks and months, depending on each subject’s availability.

6.2.1 Rapid development of face-selective regions

To examine the neural response of these subjects to faces, a statistical parametric map was

created from the BOLD activation contrast of Faces — Objects.
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Figure 6-1 shows the activation in response to faces for all three subjects, projected onto
the ventral surface of the right hemisphere only. Activation in the left hemisphere was not as
as reliably detected. All three subjects showed patterns of activity that significantly changed
over time relative to the surgery date. Notably, all three subjects showed an early FFA-like
precursor. Two subjects, BP and SC, exhibited small early face-selective responses that
grew significantly over time; a third subject, CP, exhibited a larger FFA-like precursor
which grew and then was refined by 3 months post surgery. Subject BP exhibited a slightly
later pattern of growth-refinement, with the size of his FFA diminishing from 1-8 months
before growing large again by 10 months post surgery. It is possible, but not definitive, that

subject SC also showed a reduction in his FFA-like response from 2 days to 1 month post

surgery.

6.2.2 Face responses are related to behavioral changes in face detec-

tion

In order to establish a correlation between the changes in the FFA-like response and each
subject’s ability to recognize faces, a behavioral experiment was conducted outside of the
scanner. In this experiment, subjects were presented images of faces and non-faces and
asked to indicate whether or not they perceived a face. Their d-prime was calculated, and
the experiment was repeated several times over the subsequent weeks to establish a similar
time-course to that of the scanning experiment.

Figure 6-2 shows each subject’s face detection d-prime overlaid with the calculated size
of their right-hemisphere FFA-like response, over time post surgery. For our purposes, the
size of the FFA response was calculated by counting the number of superthreshold voxels
(z > 2) located within the right hemisphere fusiform gyrus (as determined by automatic
surface parcellation in Freesurfer, see Methods).

Shortly after surgery, subject BP was able to distinguish faces from non-faces (d-prime
greater than 2), but subjects CP and SC were not (d-prime less than 1). All three, however,
had a significant FFA-like precursor, as seen here and in Figure 6-1, indicating that the

FFA precursor was in fact present before the subjects were reliably able to detect faces. As
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Figure 6-1: Face-selective responses for all subjects following sight-restorative surgery.
Shown is the z-score response for the contrast Faces — Objects on the ventral surface of
the right hemisphere. Left hemispheres did not exhibit reliable face-selective activations in
all subjects. Notably, all three subjects had early precursors of an FFA-like response and

exhibited significant and rapid change over time.

time progressed, all three subjects improved at the face-detection task as the size of their

FFA-like response changed. Notably, the behavioral responses plateaued before the size of

the FFA response became stable in all three subjects, indicating that the FFA response is

plastic long after the establishment of a simple face-detection task.

Additionally, for the two subjects which exhibited a growth-refinement face response

(subjects BP and CP), the peak of their FFA-like responses occurred simultaneously with

the beginning of the behavioral plateau.
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Figure 6-2: Face-detection behavior and how it relates to the FFA-like response in all three
subjects. All three subjects showed a significant FFA-like response before they improved
at a face-detection task (subjects SC and CP performed at chance at face detection but
had significant FFA-like responses within 20 days post surgery). Additionally, the FFA
response continued to change after the behavioral results plateaued in all three subjects.
Finally, the FFA-like response peak coincided with the beginning of the behavioral plateau
in the two subjects who exhibited a growth-refinement pattern in their neural responses.

6.2.3 Object-selective responses do not noticeably change

Because the literature suggests that face- and object-selective regions develop differentially
[Grill-Spector et al., 2008], we were very interested to see whether object-selective regions
developed differentially to the face-selective regions in the recently sighted patients. To
this end, we analyzed the object-selective responses using the contrast Objects — Scrambled
Images.

Figure 6-3 shows lateral views of object-selective responses in all three subjects. Sim-
ilar to the face-selective responses shown above, all three subjects exhibited an LOC-like
precursor shortly after surgery. However, this precursor did not noticeably change: unlike
the face-selective responses shown above, there was no clear pattern of growth or plasticity
that emerged. In fact, although subject CP arguably showed modest growth of the object-
selective response in putative LOC, subjects BP and SC, if anything, showed a decrease in

LOC-like activation.

6.3 Discussion

We have conducted longitudinal neuroimaging experiments in blind patients whose sight

had been surgically restored, and have found that the onset of patterned visual information
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Figure 6-3: Object-specific responses for all subjects. As with the face-selective responses,
all three subjects showed object-specific responses immediately after surgery in putative
LOC. Although some change is evident between sessions, there is no clear pattern of overall
growth or variability across all subjects.

results in rapid and extensive modification of the ventral visual stream. Specifically, we
report here that face-selective responses, specifically putative FFA, emerge rapidly over the

course of the first few months after the onset of sight.

Several aspects of these results are notable. First, the data reveal that a precursor to an
FFA-like region exists in subjects within days after surgery. Second, this precursor under-
goes rapid change over the first few months of visual experience, with evidence pointing to-
wards an overgrowth and refinement pattern, until a relatively normal FFA region is formed.
This rapid onset and growth of face-selectivity stands in contrast to the literature, which
indicates a prolonged development of face selectivity [Grill-Spector et al., 2008] over the
course of years, if not decades. However, we also note that the FFA-like response remained
variable after behavior in a face-detection task plateaued, suggesting that the FFA response
may continue to be refined for months or years after the onset of sight, in agreement with

the developmental literature.

It is also interesting to note that object-selective responses do not exhibit such notice-
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able change as face-selective regions. This roughly agrees with the literature in that LOC
regions develop much more rapidly than face-selective regions [Grill-Spector et al., 2008];
it could be the case that LOC develops in our subjects within one or two days, before our
imaging began, or that it relies more heavily on pre-developed pathways and less on visual

learning.

These results address the broad questions we listed in the introduction. First, and per-
haps most significantly, the data show a remarkable degree of plasticity in the visual cortex
of the newly sighted despite several years of profound visual deprivation. These results run
counter to the notion of a ‘critical period’ for visual plasticity [Wiesel and Hubel, 1965b]
and have important scientific and clinical implications. Scientifically, they motivate a re-
examination of the issue of how, and how much, cortical plasticity is maintained until
late adolescence or early adulthood. From the applied perspective, they suggest optimistic
prognoses for sight restoring surgeries late in life, and perhaps recovery from other kinds
of extended sensory deprivations. Second, the specific case of the emergence of face-
related responses suggests that the cortical localization of such functions might be similar
in the brains of the newly sighted versus controls, despite their dramatically shifted devel-
opmental timelines. It will be interesting to probe the underlying reasons for this spatial
overlap. Third, the functional specialization becomes evident very rapidly after the onset of
sight suggesting that a very modest amount of visual experience is sufficient to set up this
organization. Fourth, different kinds of functional specialization exhibit different develop-
mental timelines, as we have observed for general object responses on the one hand and
face-specific responses on the other. Finally, in the domain of face perception, the timelines
of development of neural specificity and behavioral skill exhibit an interesting relationship.
The presence of an FFA-like precursor before subjects improved at the face-detection task
suggests that face-selective cortex may exist before face-detection skills become behav-

iorally manifest.
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6.4 Methods

6.4.1 Patients

Subjects were selected through an outreach and ophthalmic screening program under joint
supervision of Project Prakash Center for Vision and Shroff Charity Eye Hospital. The goal
of this outreach program was to identify patients in need of clinical eye care across several
villages in north India; a subset of these patients who presented with treatable congenital,
bilateral, cataracts were presented the option to volunteer for this study. The volunteer
status of a patient did not affect the quality of any medical services rendered. Only subjects
over the age of 13 and in good physical health were further selected for imaging. Typically,
subjects were functionally blind, but maintained the ability to detect ambient light and the
direction of projected rays.

Each patient underwent cataract surgery with an intra-ocular lens implant in one or
both eyes, replacing the opacified natural lens and allowing for functionally useful acuity,
averaging 20/80. One patient did not exhibit an increase in acuity post surgery, likely due
to residual optic nerve damage; this patient was excluded from analysis.

In addition to the three subjects reported here, an additional seven patients were imaged
but excluded from analysis for failure to elicit a consistent control activation to scrambled
images. The high rate of failure is likely due to a multitude of factors, including: high
motion artifacts due to the young age of the patients, falling asleep due to the young age or
fatigue from an extended stay in the hospital, inability to focus on the presented images due
to nystagmus (which was present in most of our patients, as it has a high co-morbidity rate
with congenital cataracts) or misunderstanding of the task due to age or language barriers,

among other reasons.

6.4.2 Imaging

Functional imaging was conducted at the Mahajan Imaging Center, New Delhi, India, in
accordance with the rules and regulations set forth by Institutional Review Boards at MIT

and Schroff Charity Eye Hospital. Scanning was conducted on a 1.5 T General Electric
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MRI machine. A high-resolution 7}-weighted FSPGR anatomical scan was acquired for
each participant (FOV 256x256, 1 mm? resolution). To measure BOLD contrast, 19-33
slices (depending on the size of the subject’s head) parallel to the AC/PC line were ac-
quired using standard 77, -weighted gradient-echo echoplanar imaging (TR 2000 ms, TE 50
ms, flip angle 90°, slice thickness 5 mm, in-plane resolution 3.4 x 3.4 mm). Subjects were
shown various images falling into one of several categories — faces, places, objects, and
scrambled images — at a rate of one image per second in a block paradigm, so that each cat-
egory of images was displayed for 14 seconds before the next category was shown. Images
were presented in full color at approximately 20 degrees of visual angle. The scrambled
images were produced by phase-scrambling the Fourier components of images of objects,
individually by RGB channel. Once all four categories were displayed, a 14 second resting
period occurred before all four categories were repeated again in a pseudorandom fashion.
In this manner, each run consisted of 4 repeats of each category block, and including a 14
second rest at the beginning of the scan run, lasted 292 seconds. Depending on the avail-
able time, 4-6 of these scan runs were completed per subject, per scan session; the session
was repeated as many times as possible over the months following the patient’s surgery.

The same images were used in each scan session.

6.4.3 Analysis

Cortical reconstruction and volumetric segmentation was performed with the Freesurfer
image analysis suite, which is documented and freely available for download online. The
technical details of these procedures are described in prior publications [Dale et al., 1999,
Fischl et al., 1999a]. Functional scans were motion corrected and despiked in AFNI [Cox, 1996]
and coregistered to individual subjects’ anatomical scans using a combination of man-
ual alignment, custom scripts and SPM8. Data were projected into a spherical surface
space using automatic cortical surface parcellation [Fischl et al., 1999b, Fischl et al., 2004,
Desikan et al., 2006] in Freesurfer. Data were additionally smoothed using a 3d Gaus-
sian kernel of width Smm. To analyze the BOLD effect specific to each stimulus type, a

GLM contrast was analyzed in FSL (FMRIB's Software Library, www.fmrib.ox.ac.uk/fsl)
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per scan run and the results combined using fixed-effects modeling per individual subject
[Woolrich et al., 2001], independently for each session. Results were masked to anatomi-
cally defined regions of interest, determined via automatic surface parcellation in Freesurfer,
before displaying: the fusiform gyrus for face-selective responses, and lateral-occipital cor-

tex for object-specific responses.

6.4.4 Behavioral assessment

Subjects were shown a set of 300 images and asked to categorize the images, one at a time,
as faces or non-faces. This set of images is consisted of 60 non-face images collected from
natural scenes devoid of faces, 180 false alarm images selected from the Pittsburgh Pattern
Recognition face-detection algorithm [Schneiderman, 2004], and 60 genuine faces. Each
image was made monochrome and normalized for scale, luminance and contrast. Stimuli
were presented on a computer screen one by one for unlimited time until the subject made
a response. Subjects were allowed to take as many breaks as they would like at anytime

during the experiment.
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7.1 Conclusions

I have explored three major themes in this thesis, all related to how the brain changes as we
learn to see. Each finding highlights how plastic the visual system is, both in rapid learning

— in the developed brain — and when we learn to see during development.

7.2 Prior information facilitates object recognition

In this chapter, we explored the role of prior knowledge and expectations shaping everyday
perception. Specifically, we wanted to find signatures in the brain where knowledge of a

coherent stimulus shaped the representation of the same image in a degraded form.

We addressed this question using Mooney images, which were unrecognizable to sub-
jects upon their first viewing. After exposure to the coherent stimulus, the same images,
which were previously meaningless, became interpretable. By using a multivariate decod-
ing technique we were able to find where information about these images is represented in

the brain, and show how that information changed as the coherent stimulus was learned.

The increased decoding accuracy of primed versus unprimed images suggests that there
is an increase in image-specific information in regions of the brain exhibiting this form of
priming. In general, the regions in which we found an increased decoding ability coincide
with all levels of the ventral visual processing system. This included higher-level areas
such as fusiform gyrus and lateral occipital cortex, and lower levels including peri-calcarine

cortex, and, in particular, V2 and V3.

Interestingly, we did not find any evidence of information encoding in classically primed
regions. This distinction is notable because it suggests that some previously reported effects

of priming are not, in fact, involved in representing visual stimuli at all.

Additionally, we showed that prior information is carried over complex object features,

as we were unable to recreate a similar effect using simple orientation-based stimuli.
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7.3 The moment of recognition involves feedback

In this experiment, we presented evidence describing the effects of recognition — and in
particular, the visual eureka moment — in the brain.

We found multiple signatures of visual recognition. The clearest of these occur in oc-
cipital regions; they present as a decreased positive inflection around 200 ms post stimulus,
and an increased negative inflection at 300 ms. We found additional and extended differ-
ences in the frontal lobe as well, but the occipital components are sufficient to serve as a
biomarker for visual recognition studies.

In addition to the direct signatures of visual recognition, we examined the aspects of the
eureka moment using a classification paradigm. By doing so, we discovered that smaller
signatures of recognition exist throughout the stimulus duration. Even more interesting,
however, is the fact that we could trace out the directional flow of information in the brain,
and discovered that feedback-like activity occurs during the moment of recognition. This
same technique also revealed that viewing more coherent images utilizes exclusively feed-

forward mechanisms.

7.4 The brain remains plastic when deprived of sight

We have conducted neuroimaging experiments in blind patients whose sight had been surgi-
cally restored, and discovered that the onset of patterned visual information results in rapid
modification of the ventral visual stream. Specifically, we found two important changes in
the visual system: that resting-state connectivity is modulated with learning, and that key
modules, like the FFA, develop in tandem with behavioral learning.

We believe that these results are significant from several perspectives. First, the fact that
resting state functional connectivity changes suggests that the brain maintains a significant
measure of plasticity into early adulthood. This is consistent with the behavioral improve-
ments we have observed in previous studies of congenitally blind individuals treated late in

life [Bouvrie and Sinha, 2007, Ostrovsky et al., 2006, Ostrovsky et al., 2009].

Second, we showed that a precursor to FFA-like regions exist in subjects within days
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of surgery. This precursor undergoes rapid change over the first few months of visual ex-
perience, with evidence pointing towards an overgrowth and refinement pattern, until a
relatively normal FFA region is formed. This rapid onset and growth of face-selectivity
stands in contrast to the literature, which indicates a prolonged development of face selec-
tivity [Grill-Spector et al., 2008].

It is also interesting to note that object-selective responses did not exhibit such notice-
able change as face-selective regions. This roughly agrees with the literature in that LOC
regions develop much more rapidly than face-selective regions [Grill-Spector et al., 2008];
it could be the case that LOC develops in our subjects within one or two days, before our
imaging began, or that it relies more heavily on pre-developed pathways and less on visual

learning.

7.5 Final thoughts

The issue of the genesis of visual meaning is central to our exploration of vision. Working
with developmentally mature and developmentally nascent visual systems, I have uncov-
ered the neural correlates of such genesis over timescales that range from milliseconds
to months. While these results are gratifying, they are merely the beginning of a more
comprehensive investigation into the precise mechanisms by which we achieve our robust

pattern recognition abilities.
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Single-unit recording efforts
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A.1 Supplementing our findings with single-unit record-

ing approaches

As is evident, I have used a diversity of techniques in my work, including behavioral as-
sessments, EEG and fMRI. One technique that combines excellent spatial localization with
fine temporal resolution is single-unit electrophysiology. Indeed, I devoted significant ef-
fort towards incorporating this methodology in my work in order to illuminate issues of
rapid learning at the single neuron level. As I detail below, so far the results have been
mixed, but this is an approach that holds great promise and should be pursued in further

work related to the questions we have considered here.

A.2 Introduction

In order to expand on our results showing information priming in visual cortex through
fMRI, we were very interested to see if we could show a similar effect in single unit record-
ings in macaque monkeys. Previous work had shown that neurohs in macaque V4 learn to
encode more information about degraded stimuli over time: over several training sessions,
V4 neurons show increased selectivity for trained stimuli in a delayed match-to-sample
task [Rainer et al., 2004]. We were specifically interested to see if these results could be
extended using a single-trial learning paradigm similar to our behavioral results in fMRI,

and additionally if the results could be extended into V1.

One possibility of how such an effect could be instantiated in cortex is via competitive
attentional modulation [Reynolds et al., 1999], where neurons are biased to represent one
feature in their receptive field over another when multiple stimuli are present. In the case
of a degraded image, prior knowledge of a stimulus could bias a neuron to represent the
features in its receptive fields that encode the true stimulus, rather than extraneous features

that also appear in its receptive field.
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A.3 Approach

We conducted several experiments in macaques to try and elicit a similar effect, with vary-
ing levels of success. In all experiments, the macaques were trained to fixate on a small
visual cue and rewarded with a drop of juice for a successful trial. Some experiments addi-
tionally required the monkey to perform an active task based on visual stimuli, as described
below.

While the monkeys were viewing the various stimuli, we recorded from one to four
electrodes implanted in V1 and/or V4 chambers, as targeted by cortical anatomy and ver-
ified by retinotopic mapping of cells at the beginning of each session. Single units were
isolated on each electrode when possible, and the receptive field and preferred orientation
were mapped out according to standard procedures. This receptive field was used to present
the experimental stimuli in each recording session.

RISE (Random Image Structure Evolution) sequences were used to present progres-
sively more or less visual information to the monkey over time. In this implementation,
the images were phase scrambled in Fourier space [Dakin et al., 2002], and the amount of
coherence to the original, non-scrambled image defined the amount of visual information
presented. It is known that people’s ability to recognize individual images from a RISE se-
quence is greater when the amount of information decreases over time [Sadr and Sinha, 2004];
that is, the ‘descending’ pathway gives the viewer substantial prior information about the
stimulus, which aids recognition. Therefore, we hypothesized that individual neurons

should show a similar form of hysteresis.

A.4 Results

A.4.1 Orientation discrimination

Our first attempt in isolating a RISE effect consisted of training the monkey to discriminate
between multiple orientations in a delayed match-to-sample task. However, the monkey
subject showed considerable difficulty learning this task; his performance plateaued at sub-

standard accuracy after an extended training period (Figure A-1). For this reason and the
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fact that we discovered that oriented stimuli do not elicit any information priming in fMRI,

we abandoned this project to develop a more sophisticated approach.
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Figure A-1: Accuracy at discriminating between multiple orientations for a single monkey
subject over time. The monkey was presented with a forced choice of 2 or 4 orientations in
a delayed match-to-sample task, but accuracy never reached a satisfactory level (90%).

A.4.2 Passive RISE yields no information priming

In this experiment, the monkey was only required to fixate while a RISE sequence was
presented in a neuron’s receptive field. As no stimulus-related task was required of the
monkey, we referred to this experiment as “passive RISE.” In order to prevent simple ef-
fects like repetition suppression, two RISE sequences were presented in an interchanging
fashion; see Figure A-2.

We hypothesized that one of two effects might occur: individual neurons might 1) have

greater activation when the RISE sequences descended, as more information was available
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Ascend

Descend

Figure A-2: Overall stimulus methodology for the passive RISE experiment. Before
each stimulus presentation, the monkey was required to maintain fixation on a centrally-
presented cue. Each stimulus was presented within the receptive field of a recorded neuron.
Each block was designated as either an “ascending” or “descending” block, which deter-
mined the order in which the stimuli were presented. Each trial consisted of a single stimu-
lus from one of two RISE sequences; the overall coherence of the stimulus either increased
or decreased depending on the designation of the block. The two RISE sequences were in-
terchanged pseudo-randomly, but each stimulus within a sequence was progressively more
or less coherent than the previous (and all coherence levels were shown for both sequences).

to the neuron and presumably the monkey was attending more to the stimulus than the noise
features; or 2) neurons might show greater selectivity bias for one stimulus over another in

a competitive manner.

Overall, neurons did show a contrast-based gain effect. Figure A-3 shows this effect
clearly, for a representative V4 cell, where increased coherence in both the ascending and
descending conditions increased the response of the cell. However, there was no overall
modulation of any cell’s firing rate based on the experimental conditions of ascending or

descending.

Our second hypothesis was that neurons might show an increased selectivity for their
preferred stimuli, rather than an overall modulation of firing rate. Even though V1 and
V4 neurons are not tuned for the complex objects we used in this experiment, each object
does have a disparate set of low-level features that the neurons might show selectivity for.
Selectivity was defined as the preference for the first RISE sequence over the second in

every block, and a selectivity index was calculated to reflect this. Figure A-4 shows the
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Figure A-3: Peri-stimulus time histogram for a representative V4 cell in the passive RISE
experiment. This cell shows a marked increase in response based on higher coherence (and
effective contrast) levels, but shows no overall modulation by the ascending or descending
experimental conditions.

selectivity for a representative V1 neuron for all blocks, plotted as descending selectivity
versus ascending selectivity. If selectivity was consistent for this neuron and there was a
strong competitive bias, the points should form a strong regression line with a slope greater
than 1 (because selectivity would be increased in the descending vs ascending condition).
However, our results do not show a consistent result — selectivity, as defined here, often
changes from one stimulus to the other (where points fall in the odd quadrants, with positive
x and negative y, and vice-versa). This could be simply due to technical reasons — for
instance, it is possible that single units were not isolated well enough to record consistent

selectivity.

Given that we could find no evidence for hysteresis in the form of selectivity or acti-
vation modulation, a simple explanation is that a passive RISE effect does not exist. That
is, it is entirely possible that the behavioral effect, including information priming, requires

that the subject attend to the object of interest.
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Figure A-4: Selectivity of a representative V1 neuron for two targets in ascending (x-

axis) and descending (y-axis) conditions. Selectivity is defined via the index ZSSPA=TesPz
respi+respa

For a neuron with consistent selectivity, points should fall in the even quadrants ((+, +)
and (-,-)), and increased selectivity in descending vs ascending conditions would be seen
as a regression line with slope greater than 1. These results show neither consistent nor
increased selectivity.

A.4.3 Detection task

In order to require the monkeys to attend the RISE stimuli and increase our chances of
discovering a single-unit effect, a new experiment was devised. In the active RISE task, the
monkey was trained to fixate while a series of noise images were presented the neuron’s
receptive field. After a number of these distracter noise images were presented, a degraded
target image was presented in the same location, and the monkey was required to release
a lever indicating detection of the target. At the beginning of the trial, a cue image was
presented centrally (outside of the neuron’s receptive field) at full coherence; if the cue

image was identical to the target image, the trial was considered to be primed (analogous
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to the descending method in the previous experiment). The amount of coherence presented
in the target image was changed daily to try to hone in on any possible effect.

Although the monkey learned the task, he did not show nearly as strong behavioral evi-
dence for information priming as did human subjects at the same task. Figure A-5 shows a
comparison of human and monkey results for this experiment. The reason for this discrep-
ancy is unclear, but it is possible the monkey was simply over-trained at detecting these
images — human subjects were only exposed to the experiment once, whereas the monkey
was rewarded for high accuracy over a period of several months of training. Indeed, the

monkey’s overall accuracy was higher, even for low-coherence targets.
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Figure A-5: Behavioral results for the active RISE task. A) In preliminary testing, human
subjects showed a significantly increased ability to detect targets in noise when primed with
an identical image. B) Averaged over a period of 4 months, one monkey subject did not
elicit such strong behavioral evidence.

Although we did record single units from this monkey during the course of this exper-
iment, the effective unit yield was incredibly low. Out of 10 successful recording sessions
over a period of 1 month of recording time (ignoring sessions where units were isolated
but the monkey failed to work, or where no usable units were isolated), only about 5 neu-
rons proved to be stable and isolated enough for analysis. Other neurons died early into
recording, or proved not to respond well to the stimuli. Like the passive RISE experiment,
the neurons that were analyzed showed no significant preference for primed or unprimed
conditions. This is not surprising given that the monkey showed no behavioral response

difference for primed vs. unprimed stimuli.
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A.5 Discussion

We attempted to measure the single-unit responses in macaque monkeys to RISE sequences,
to see if priming increased information in low-level visual cortex.

Unfortunately, the work proved more challenging than fruitful. Out of several attempts,
we were unable to reproduce a RISE-like behavioral response in a macaque subject — in
no instance did we find evidence of the monkey utilizing prior knowledge of a stimulus
to enhance his perception. In the successful recordings we were able to make, especially
in the passive task, we found no difference in neural processing between the primed and
unprimed conditions.

It is difficult to draw a strong conclusion from these results, as many of the causes
for the failure of these experiments are technical — on top of experimental — reasons. In
addition to better technical recordings, it is clear that a stronger behavioral component will

be required of any future work.
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Acronyms

FFA Fusiform Facial Area. 35

fMRI Functional Magnetic Resonance Imaging. 31
GLM General Linear Model. 31
PPA Parahippocampal Place Area. 35

SMLR Sparse Multinomial Logistic Regression. 38
SPM Statistical Parametric Map. 31

SVM Support Vector Machine. 35
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